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Abstract

We investigate the impact of providing households with disaggregate consumption
feedback and develop a framework to assess its welfare implications. In the context of
smart metering, we find that the provision of appliance-level feedback causes an energy
conservation effect of 5 percent relative to a group receiving standard (aggregate) feedback.
Hence, a smart meter roll-out will be substantially more effective if appliance-level feed-
back is provided. We also show that the current regulatory approach to assess consumer
surplus overestimates the gains from smart meter feedback.
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1 Introduction

Novel information technologies enable consumers to make better-informed decisions. For
example, navigation systems assist car drivers in improving their travel planning (Chorus
et al., 2006), text message reminders increase patients” adherence to medical treatments (Pop-
Eleches et al., 2011), and fitness trackers help athletes to maintain higher levels of physical
activity (Cadmus-Bertram et al., 2015). A key advantage of modern information technologies
is their ability to provide disaggregate, i.e., behaviour-specific, feedback on the consequences
of choice alternatives that are otherwise difficult to assess. For example, consumers have bi-
ased beliefs about the caloric content of food (Bollinger et al., 2011) and are unaware of the
returns to education at different schools (Jensen, 2010), which compromises their ability to
choose a healthy diet and a good school for their children. Providing disaggregate feedback
solves these problems by informing consumers about the relative benefits and costs of their
choice alternatives. Despite the rapid proliferation of information technologies, there is only
limited evidence on the effectiveness of disaggregate feedback. In addition, a methodology for
quantifying its benefits is unavailable so far.

In this paper, we explore the potential of disaggregate feedback in the context of smart me-
tering and develop a framework to investigate the impact of feedback on consumer surplus.
Governments throughout the world have implemented a massive deployment of advanced
electricity metering infrastructure, which involves multi-billion investments into so-called
smart electricity meters.! A core rationale for the deployment of smart meters is that these
devices can provide households with consumption feedback. Feedback may foster awareness
about the cost and environmental impact of electricity usage, and hence lead to energy conser-
vation (EC, 2014b). It is well-documented that — in the absence of feedback — individuals tend
to underestimate the energy use of energy-intensive appliances, and overestimate the energy
use of low-intensity applications (Attari et al., 2010). Beyond exploring the impact of feedback
on households’ electricity-use behaviours, we also develop a method to assess its implications
for consumer surplus. We derive sufficient statistics to quantify it, thus providing a novel tool

for regulatory cost-benefit analysis.

1For example, 79 million households in the United States and 472 million households in China have been outfit-
ted with smart meters by 2017 (IEA, 2017). In addition, the European Union has committed to installing 200 million
smart meters at an estimated cost of 45 billion Euro (EC, 2014a).



We conduct a field experiment with 700 participants and provide electricity use feedback
through a smartphone app. Participants in the Aggregate Feedback group obtain household-
level feedback, as traditionally provided by smart metering interventions. Participants in our
Disaggregate Feedback group additionally receive information on their appliance-level elec-
tricity use. Our study builds on a smart meter technology that leverages the potential of
appliance-level feedback without installing additional costly infrastructure. The technology
exploits that appliances leave distinct signatures in high-frequency aggregate electricity con-
sumption data, which can be used to infer appliance-level uses. For our study, we collaborate
with an electricity utility and use a product that has been validated for its accuracy in the pro-
cess of its market introduction (for technical background information, see Gupta et al. 2010;
Hart 1992; Gupta et al. 2017, and Appendix A3). For evaluating the impact of aggregate feed-
back, we construct a matched (non-experimental) control group of households of the same
utility that have smart meters, but did not obtain any feedback. This allows us to establish
a benchmark to a group without any feedback at all, which we exploit to identify the overall
conservation effect.

We complement our field experiment with a theoretical model of household service de-
mand, which serves two purposes. First, it enables us to derive sufficient statistics for evalu-
ating the impact of feedback on consumer surplus. We also show how these statistics can be
identified as simple functions of the aggregate and appliance-level treatment effects that we
identify in our field experiment. Second, our model allows us to derive behavioural predic-
tions regarding the effectiveness of aggregate and disaggregate feedback.

Our empirical results show that the provision of appliance-level feedback reduces electric-
ity consumption strongly by around 5%, compared to our experimental condition in which
individuals receive ‘standard’ aggregate smart metering feedback. Furthermore, we estimate
that aggregate smart meter feedback reduces electricity consumption only by 1%.2 Taken
together, our estimates demonstrate that providing disaggregate information adds consider-
ably to the effectiveness of feedback. Further evidence from secondary analyses suggests that

households are poorly informed about the wattage of their appliances prior to our interven-

2This finding is in line with previous studies on aggregate feedback that have estimated conservation effects
ranging from 2% to 3% (Carroll et al., 2014; Degen et al., 2013; Martin and Rivers, 2017), up to 5% (Schleich et al.,
2017; Houde et al., 2013). Further studies have shown that feedback via more frequent billing can even lead to an
increase in resource use (Wichman, 2017). With respect to consumption feedback, Gosnell et al. (2019) find that
providing information on social comparisons and demand disaggregation via an advanced app is more effective
than providing aggregate information via in-home displays and a basic app, but only for one of two smart meter
installers. For reviews on feedback interventions, see e.g. Darby (2006) and Karlin et al. (2015).



tion, but improve the accuracy of their beliefs after receiving disaggregate feedback, in line
with our theoretical framework.

We derive formulas to quantify consumer surplus that are simple variants of those cur-
rently used in regulatory cost benefit assessments. The changes in consumer surplus from
disaggregate feedback can be calculated as the weighted sum over appliance-level cost savings.
The weights are determined by consumers’ relative bias, i.e., the perceived energy intensity
divided by the actual intensity. In our study, we find that the disaggregate feedback increases
consumer surplus by 5.4 EUR. We also derive bounds of the consumer surplus gain from ag-
gregate feedback and quantify these bounds using our sufficient statistics. Our bounds imply
that the welfare gains from aggregate feedback lie between 0.44 to 3.29 EUR per household
and year, and are thus substantially smaller than those from disaggregate feedback.

We make two main contributions to the literature. First, we add to a literature on feedback
by disentangling the effects of disaggregate appliance-level information from the effects of
aggregate information. That households are only poorly informed about the cost of behaviours
has been documented both in the context of energy use (Attari et al., 2010) and water use (Brent
and Ward, 2019). Regarding the effectiveness of disaggregate feedback, the evidence is mixed.
While Burkhardt et al. (2019) find no conservation effects of appliance-level feedback provided
through an online portal, feedback on the energy use of showering, for example, has been
shown to reduce water and electricity use by 10-20% (Asensio and Delmas, 2015; Bruelisauer
et al., 2018; Tiefenbeck et al., 2018, 2019).

One difficulty in interpreting the evidence is that previous studies on appliance-level feed-
back have typically evaluated bundled interventions that also increase the salience of electric-
ity use, reduce aggregate biases and improve energy-related knowledge, for example (Asensio
and Delmas, 2015; Burkhardt et al., 2019; Tiefenbeck et al., 2018, 2019). Hence, it has proven
difficult to assess the extent to which appliance-level feedback contributes to the overall ef-
fectiveness of an intervention. To isolate its contribution, we conduct a tailored randomized
controlled trial that allows us to identify the additional savings induced by appliance-level
information.

Our findings demonstrate that augmenting traditional smart meter feedback by appliance-
level information could largely increase the effectiveness of a smart meter roll-out. So far,
smart meters typically provide information about household-level electricity consumption.

Previous evidence suggests that such feedback leads to modest conservation effects of 2% to



maximally 5% (Degen et al., 2013; McKerracher and Torriti, 2013; Schleich et al., 2017; Houde
et al., 2013). Against this background, our finding of an additional conservation effect of 5%
from appliance-level feedback suggests that such feedback is crucial for effective smart meter
interventions.

Second, our study relates to the literature on welfare analysis under optimization errors
by consumers (see Farhi and Gabaix 2020 for an overview). One strand of this literature has
primarily focused on the implications of tax misperceptions (e.g., Chetty et al. 2009; Rees-Jones
and Taubinsky 2019). Another strand has derived optimal corrective taxes and subsidies for
behaviourally biased consumers (e.g., Allcott and Taubinsky 2015; Gerster and Kramm 2019;
O’Donoghue and Rabin 2006). By contrast, we analyse informational instruments when con-
sumers misperceive product attributes and the cost of household services. We derive formulas
for evaluating consumer surplus that can be used for policy analysis of informational inter-
ventions to overcome such misperceptions.

Our findings demonstrate that the current regulatory approach to assess consumer surplus
gains from smart meter feedback is fundamentally flawed. Cost-benefit analyses in the U.S.
and the EU, for instance, approximate changes in consumer surplus by the realized energy
cost savings (Faruqui et al., 2011; Giordano et al., 2012). In our study, disaggregate feedback
reduces expenditures by 48.3 EUR on average, while consumer surplus increases only by 5.4
EUR. Hence, consumer surplus gains are overestimated by a factor of about ten. This deviation
arises because the weights used to calculate consumer surplus are substantially smaller than
one (in absolute terms). Intuitively, a reduction of electricity consumption in response to feed-
back involves not only a financial gain from lower expenditures, but also a utility loss from
consuming less of a household service, which is neglected in current cost-benefit analyses.

The remainder of the paper is structured as follows. Section 2 introduces our model. Sec-
tion 3 presents the experimental design and the data. In Section 4, we estimate the impact
of aggregate and appliance-level feedback on energy consumption and present results from
secondary analyses. Section 5 quantifies the impact of appliance-level feedback on consumer

surplus. Section 6 concludes.



2 Conceptual Model

We start by investigating the effects of providing appliance-level feedback to consumers
based on the Becker (1965) household services model. Let consumers have the following quasi-
linear utility function:

U(x,z) = u(x) +z,

where u(x) is quasi-concave and denotes the utility from consuming ] household services de-
noted by the vector x = (xy,...,x)" and z represents the numeraire good, whose price is nor-
malized to 1. The consumption of household service j requires inputs of y; = x;e;, where ¢; de-
notes the input intensity of service x;, which by definition is non-negative. In our application,
households consume energy services by using a particular appliance, such as a dish-washer or
dryer, and the input intensity refers to the amount of electricity that is needed to operate an
appliance. Consumers maximize their utility subject to the budget constraint w = z +}_; y;p,
where w denotes their exogenous income and p denotes the price of the input, in our case
electricity.

In line with the literature (e.g., Attari et al. 2010), let consumers have biased perceptions
of input intensities ¢; = ¢; + bj, where b; denotes a bias term. We decompose the bias further
as bj = b 4 bj, where b" denotes an aggregate bias term and b; denotes a service-specific bias

that affects only those beliefs regarding appliance ;.

2.1 Behavioural Predictions

We now derive predictions of providing aggregate and disaggregate, i.e., service-specific,
feedback on total input use. In line with the current literature, we assume that aggregate
and disaggregate feedback entirely remove aggregate and service-specific bias, respectively
(Chetty et al., 2009; Bernheim and Taubinsky, 2018).

Under a general utility function u(x), we find correcting a bias of underestimating aggre-
gate service intensities reduces the total amount of input use for service consumption if all
services are a normal good (see proposition 1 in Appendix Al.1 for a derivation). Intuitively,
a reduction in total input use arises because correcting an underestimation increases the per-
ceived cost of using any appliance, which reduces the input demand for any appliance and,

hence, total input demand. For the case of household electricity consumption, studies have



consistently found small but negative demand elasticities (see, e.g., Frondel et al., 2019). Thus,
we expect aggregate consumption to fall with aggregate feedback.

In a next step, we explore the impact of providing disaggregate feedback in addition to ag-
gregate feedback in order to remove the service-specific biases. To derive a prediction, we need
to impose some structure on the shape of service-specific biases. Empirical studies from the
domain of energy consumption show that individuals tend to overestimate the energy inten-
sity of low-intensity appliances, while underestimating the energy intensity of high-intensity
appliances (Attari et al., 2010; Fang et al., forthcoming). Hence, we model perceived energy
intensity towards the mean: & = aej + (1 — a)e, where & € [0, 1) is the weight attached to the
service intensity of service j, and e = }; gje; is the usage weighted average service intensity.?
In addition to empirical realism, this formulation has a straightforward psychological inter-
pretation: the weight a can be interpreted as the outcome of a cognitively uncertain updating
from signals about each services’ intensity (Enke and Graeber, 2023; Gabaix, 2017).

This specification implies that eliminating disaggregate biases may increase input intensity
beliefs for some appliances and reduce them for others. It is therefore not obvious under what
conditions removing the service-specific bias will lead to a decrease in overall input use. In
proposition 2 in Appendix A1.2, we show that overall input use decreases if the price elasticity
of the more energy intensive service is at least as high as the price elasticity of the less energy
intensive service. The rationale is as follows: even though disaggregate feedback may induce
participants to increase the energy use of the less energy intensive service, this increase is
overcompensated by the energy savings from learning about the high energy intensity of the
other service. Whether such a decrease in total input use materializes in practice is ultimately
an empirical question, which we explore in the empirical part of this paper.

Our discussion also clarifies that disaggregate feedback need not cover all input uses to be
effective. To fix ideas, let a customer not only receive aggregate feedback, but also disaggregate
feedback for one of two household appliances. In that case, feedback conveys all information
about the other appliance, which can be derived from the difference between the aggregate
teedback and the disaggregate feedback on the one appliance covered. For cases with more
than two appliances, consumers also learn about the service without disaggregate feedback,

but not completely. In particular, they can learn about the sum of the appliances without

3Notice that this formulation satisfies our mean-zero condition for service specific biases, as ¥ g6 =
a) giej+(1—a)e=e
N——"
=e



disaggregate feedback by assessing by how much the aggregated feedback exceeds the sum of
all appliances, for which disaggregate feedback is provided. Thus, even though disaggregate
feedback may be feasible only for large appliances, it allows consumers to learn about smaller

appliances as well.

2.2 Consumer Surplus

For our welfare analyses, we assume that utility is additively separable, but instead do not
impose any structure on the magnitude of aggregate and disaggregate biases.* Furthermore, in
line with the literature, we assume that aggregate and service-specific feedback fully eliminates
the respective bias (see, e.g., Allcott and Taubinsky 2015).> The focus of our approach is to
identify the welfare gain of service-specific feedback over and above what aggregate feedback
can achieve. In Appendix A2.1, we derive that a second-order approximation of the change
in consumer surplus in response to an intervention that removes aggregate and disaggregate

biases is given by:

ACS = ACS*(b* = 0,b%) + ACS*(b" = 0,b* = 0)

a bs
—Z( +b> AE“+Z AES, 1)

where ACS denotes the change in consumer surplus, and AE}‘ and AE; are the average treat-
ment effects on the input expenditures for household service j in response to an elimination of
aggregate and service-specific biases, respectively. We partition the calculation of the overall
gain in consumer surplus into two steps. First, we determine the consumer surplus change
from removing the aggregate bias b, ACS*(b* = 0,b®), while leaving the service-specific bi-
ases b® = (b}, b35,...,b;,) in place. In the context of electricity consumption, this term refers to
the gain in consumer surplus of a conventional smart metering intervention that does not pro-
vide appliance-specific feedback. In a second conceptual step, we then additionally remove

the service-specific biases b®, as reflected in the term ACS*(b” = 0,b® = 0).

*As we show in Appendix A1.2, one could alternatively maintain the general formulation of u(x) and the spe-
cific form of bias we assume above. The appendix derives the sufficient statistics for welfare analysis in this case,
which may be more appropriate for other contexts.

51f the elimination of biases is only partial, our calculations will underestimate the welfare effects. Our approach
assumes that, for a given behavioural response that enters the calculations, bias is entirely eliminated. Thus, the
last unit of change in consumption will increase consumer surplus by approximately zero. However, if the bias is
not entirely removed, that last unit still produces first-order gains in consumer surplus.
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Figure 1: Changes in Consumer Surplus in Response to Aggregate and Disaggregate Feedback
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Notes: Panel a) depicts a situation where the aggregate bias, b,;, and service-specific bias, b;, are both negative.

Panel b) depicts a situation with the same aggregate bias, but a positive service-specific bias. ACS refers to the
overall consumer surplus change, ACS? refers to the change from removing an aggregate bias, and ACS® refers to
the change removing the service-specific bias (given that aggregate biases have been removed already).

Note first that each summand of the term ACS*(b” = 0,b® = 0) is positive. If b}’f < 0,
i.e., if the individual underestimates the service intensity e;, then service-specific feedback will
reduce the consumption of and the expenditures on x;. Hence, b]s-AE]S- < 0is positive for every
service j. Conversely, if b]?' > 0, service-specific feedback will lead the individual to realize that
¢j is lower than she thought, which implies that AE? > 0. Both cases are illustrated in Figure 1
Panel a) and b), respectively, where the blue-shaded areas correspond to ACS*(b* = 0,b® = 0).
The key finding is that providing service-specific feedback on top of aggregate feedback always
increases consumer surplus, as intuition would suggest. As we show in Appendix A2.3, this
finding holds under very general assumptions, e.g. also in the case of non-separable utility.

Consider now the term ACS?(b* = 0,b%), as depicted in Panel a) of Figure 1. If both b” and
b} go in the same direction, then removing the aggregate bias b” increases consumer surplus by
the area shaded in red. Panel b) in Figure 1 displays the case where the aggregate and service-
specific bias go in opposite directions. In this case, removing aggregate bias alone can decrease
consumer surplus, as the example shows. The removal of b leads to a larger discrepancy
between perceived and actual service intensity, and thus distorts choices even more. Thus,
while removing all biases always unambiguously increases consumer surplus, removing only

one component of a bias may well harm consumers.®

6The result that opposing biases mitigate losses in consumer surplus is well-known (see, e.g., Benabou and
Tirole (2002)).



Equation (1) highlights three major flaws of current cost-benefit analyses that approximate
changes in consumer surplus by the sum of expenditure savings (e.g., Faruqui et al. 2011; Gior-
dano et al. 2012). First, the change in consumer surplus equals the weighted sum of changes in
expenditures, where the weights are given by the relative aggregate and disaggregate biases.
These weights are typically less than one in absolute value, and thus reduce consumer surplus
estimates below the levels used in current cost-benefit analyses. Second, expenditure savings
are not a necessary condition for increases in consumer surplus, as implicitly assumed in those
analyses. If consumers overestimate the cost of using an energy service j, their welfare in-
creases if they use that service more, thereby increasing expenditures. Third, the relationship
between consumer surplus and expenditures may break down entirely when only aggregate
feedback is provided. To see that, assume that Panel a) and Panel b) refer to two distinct ap-
pliances used by a consumer. Since the consumer will use both appliances less in response to
aggregate feedback, the effect on expenditures is unambiguously negative. However, the con-
sumer will incur welfare losses from the use of the appliance depicted in Panel b), for which she
overestimates the energy intensity. Overall, it may be even possible that these welfare losses
dominate the welfare gains from the reduction of the use of the other appliance, although elec-
tricity consumption and expenditure is reduced. Hence, inferring even directional changes in

consumer surplus from changes in expenditures is infeasible in general.

2.3 Sufficient Statistics

Equation (1) provides us with the structure to estimate the impact of feedback on consumer

surplus based on few statistics. In addition to the readily observable appliance-specific treat-
. s a .

ment effects of aggregate feedback on expenditures (AE ; and AE ] ), we need to quantify the

relative bias terms (b]? /ej and b /e)).

The following intuition guides our identification (see also Chetty, 2009): appliance-specific
teedback changes the perceived prices of service j by —b]“‘f /e percent. The treatment effect of
appliance-specific feedback Ay;/y; thus measures the percent response to this perceived price
change. The demand elasticity 7; of service j indicates the percent change of y; in response to a

one-percent increase in the price. Thus, we can infer the relative service-specific bias from the



relative treatment effect of appliance-specific feedback, normalized by the demand elasticity,

b]?‘ /ej = — (Ay;? /yj) /1. As we show in Appendix A2.1, this yields

A
ACS*(b" =0,b%) = — Z 20 AE;. (2)
j ]
Our empirical setup does not allow us to point-identify ACS?(b” = 0,b* = 0). The reason
is that we would also need to observe appliance-specific consumption in the matched control
group. However, we only observe aggregate consumption in that group. Yet, we are able to

bound the change in consumer surplus from aggregate feedback by:

_ <Ay2/yn N Ay“/yn> AE < ACS* (b = 0,b%) < — (Ayfﬂ/ym N Ay“/ym> AEY (3)
n 21 N 21m

where Ay* and AE? denotes the ATE of an intervention that removes aggregate biases on input
expenditures and use, respectively. Furthermore, m and n denote the service j with the maxi-
mum and minimum relative bias under full attribution of the aggregate effect size Ay” to that
service, respectively.”

All sufficient statistics to quantify Equations (2) and (3) are identified by our study design.
To obtain estimates for price elasticities, we exploit cross-sectional price variation across Ger-
man regions to estimate them (details are provided in Section 5). This variation partly stems
from differences in grid surcharges, which are higher in regions with substantial electricity
generation from renewable energy sources. For sensitivity analyses on the role of our elasticity

estimates, we also use aggregate estimates from the literature.

3 Experimental Design and Data

3.1 Study Groups

We draw on data from two populations: an experimental sample that was recruited for
the study and randomized into conditions receiving aggregate or disaggregate feedback, and
a population of households with pre-installed smart meters who receive no feedback at all.
The information treatments of the experimental sample are provided via an app that study

participants install on their smartphones and tablet PCs. After an initial login, participants can

Ay; 1y 4 Ay

7In mathematical terms: m = max]CS? = — ( m %

) AE?, and, equivalently n = min]-CS?.

10



access the app without entering their credentials, except if they deliberately log out. Feedback
is provided through the app and its specific functionalities were determined as part of the
experiment.

We randomly assigned participants into one of two experimental treatment conditions.
Participants in our Aggregate Feedback (A) group get access to an app that provides informa-
tion about their household-level electricity use. On the start screen, participants can observe
a real-time power meter that visualizes their current wattage. They also see the cost of their
current monthly electricity consumption relative to their monthly advance payment.> On an
additional screen, participants can compare their electricity consumption with their own his-
tory, as well as with other study participants, at monthly, weekly, daily, and hourly frequen-
cies. They may also earn electronic ‘badges’ for completing their personal profile on the app
and take part in an energy-related quiz. Participants in our Disaggregate Feedback group (D)
have access to the same app, but can use an additional functionality that provides feedback
on appliance-level usages (for screenshots of the smartphone app in each experimental condi-
tion, see Figures A2, A3, and A4 in the Appendix). All other functionalities and defaults are
identical for both groups.’

In addition to the experimental sample, we obtain data from a non-experimental sample
of households with smart meters that are served by the same utility. These households have
agreed to report their electricity consumption to the grid operator who uses the data to forecast
load profiles, but receive no feedback on their electricity use. We obtain smart meter data
in 15 minute intervals for 577 households, starting from November 1, 2016, which is when
our field test started. We also obtain data on the last annual bill prior to that date, as for
our experimental sample. Using a 1-to-1 propensity score matching procedure, we construct
a Matched Control (MC) group for the aggregate feedback group. We use propensity score
matching on baseline consumption and the billing cycle dates to minimize differences between
the two groups (for details, see Appendix A4). The MC group serves as a benchmark to identify

the conservation effects of aggregate feedback, as discussed in detail in Section 3.4.

8In Germany, typically, billing occurs annually and monthly advance payments are intended to smooth electric-
ity costs over the year. Exceeding the monthly advance payment has no financial consequence, but indicates that
households may face additional payments when the next yearly billing occurs.

9We further subdivided the disaggregation group into four treatments, with the aim of strengthening the
appliance-level feedback, by introducing social comparison and additional financial incentives. These treatments
are secondary to the goal of this paper and are discussed in Appendix A5.5.

11



3.2 Study Implementation

We conducted the randomized controlled trial with customers of a large German utility.
Customers were invited to take part in a smart meter study via an email that did not men-
tion appliance-level feedback as the purpose of the study. To be eligible for participation in
the experiment, customers had to have a smartphone and wireless internet access. Further-
more, participants who own solar photovoltaic panels were excluded. Out of around 50,000
customers we invited, 800 participants agreed to take part in the study and met our eligibility
criteria. All participants have a two-part electricity tariff, which is common in Germany. They
pay a flat rate for every kilowatt hour of electricity consumed and a fixed annual base price.

All participating households received a high-resolution smart meter, an internet gateway
that connected the smart meter with the internet, and access to a smartphone app. After the
smart meter had been installed by professionals, the utility sent participants the internet gate-
way along with instructions how to install the app. As soon as participants had activated the
gateway and installed the app, they shared their smart meter data and our study started.”

More than 90% of our study participants entered the field test between November, 2016,
and January, 2017, and the remaining participants joined afterwards. The core study period
extended for 6 months, when consumers had access to the full functionality of the app in their
respective treatment group. From month 7 onwards, households were free to continue to use
the app for another three months. As the number of participants declined considerably during
that period, our analysis focuses on the core study period.

The smart meters measure electricity consumption at a high frequency, typically every sec-
ond. This results in a rich dataset of several billion observations over the entire study period.
The high granularity of our data allows us to use commercial load disaggregation techniques
that disentangle the total electricity use into appliance-level uses.!! The smart meter data
is saved online in real-time and processed daily to detect appliance usages based on a so-
called nonintrusive appliance load monitoring (NALM) algorithm, which employs machine
learning techniques for load disaggregation. The algorithm exploits the fact that appliances

have characteristic electricity use signatures. These signatures can be used to disaggregate

107n this setting, the utility deemed a pure experimental control group as infeasible and feared the confusion of
participants that participated in the trial, got a smart meter installed, but no visualization of smart meter data.

HThis feature sets our study apart from earlier attempts to analyse and disaggregate smart meter data, such as
Google PowerMeter or Microsoft Hohm, which were discontinued in 2011 and 2012, respectively. A main reason
for the failure of these services was insufficient access high-granular smart meter data (Donnal and Leeb, 2015).
The high accuracy of the algorithm we use in this study has been documented in verification studies, which have
shown that it detects 94% of all appliance-level uses (Gupta et al., 2010; Carrie Armel et al., 2013).

12



Table 1: Descriptives

Matched Control Agg. Feedback Disagg. Feedback P-value

(MC) (A) (D)
Baseline consumption, in kWh/day 10.0 10.2 10.4 0.65
No. of occupants - 2.5 2.6 0.32
Monthly net income, in EUR - 3,004 3,127 0.32
Own property, in % - 74.3 75.5 0.76
Employed, in % - 50.2 51.4 0.73
Share of females, in % - 44.8 48.0 0.09
Age, in years - 47.6 45.4 0.25
Number of households 140 140 560 y"=840

Notes: P-values are from F-tests of mean equality between households in the Aggregate Feedback (A) and Disaggre-
gate Feedback (D) groups, clustered at the household level. Socio-demographics are not available for participants
in the Matched Control group (MC). For groups A and D, they are measured at the household level, except for
employed, share of females, and age, which we measure at the household member level.

high-resolution smart meter data into appliance-specific electricity uses (see Appendix A3 for
details). Detection of appliance-level uses is possible for the major appliances of a typical
household, including the categories Dishwasher, Washing Machine, Dryer, and Oven, as well as
a Refrigeration category that captures refrigerators and freezers. The algorithm also identifies
an Always-on category as the typical consumption at 3 a.m. In addition to the appliance cate-
gories that we can directly measure, we construct a residual category Other Appliances, which
captures the electricity consumptions of all other appliances.

Table A6 in the Appendix gives descriptive statistics on the more than 300,000 appliance
events that we observe during the core study period. To test the plausibility of the appliance-
level measurements, we compare them to typical appliance-level uses in Germany, which are
available for 2006 and 2011. We find only small differences for refrigeration and residual use,
which likely reflect improvements in energy efficiency in refrigeration and a general trend that

households use more electric devices (see Appendix A3.2 for details).

3.3 Data

Of the 800 participants in our experimental sample, information on the electricity use in
the annual billing period prior to the field test is missing for 27 participants.!> Furthermore, 73

households experienced technical difficulties that prevented them from connecting their smart

12For 18 participants, baseline electricity use is missing. In addition, we set electricity baseline to missing when
the difference between the baseline and the experimental period is in the top or bottom percentile of its distribution
within each treatment group (e.g. above +126% and -64% for group A) or larger than 25 kWh per day in absolute
terms, which concerns 9 participants.
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meter to the internet. As a result, the final experimental sample used for our analyses consists
of 700 participants. The number of participants in the Disaggregate Feedback group is higher
than the number in the Aggregate Feedback group (560 vs. 140), because we implement three
additional sub-treatment arms that test whether financial incentives or social information can
increase the engagement with disaggregate information. Because we find that this is not the
case, we relegate the discussion of these sub-treatments to Section 4.3. As a consequence of 1:1
matching, our matched control group consists of 140 participants, as the Aggregate Feedback
group. For all households, we observe smart meter data during the intervention period, as
well as their most recent annual electricity use before the field test started, which serves as our
baseline. For households in our experimental sample, we additionally conducted surveys to
elicit participants’ socio-demographic characteristics, attitudes, and beliefs.

In Table 1, we show that socio-demographic variables and the electricity use during the
baseline period are balanced across our experimental groups, as expected from randomiza-
tion. When we test for mean equality across our experimental conditions, we cannot reject the
null hypothesis that the variable means are equal at the 5% level for any covariate, as shown
in the last column of Table 1. The same holds true for various dwelling characteristics and the
possession of household appliances such as cooling appliances, washing machines or tumble
dryers (for details, see Appendix Table A3). Hence, we can rule out the possibility that partic-
ipants in our experimental groups differ systematically in their household equipment, which
might otherwise confound our treatment effect estimates.

As shown by Table A2 in the Appendix, socio-demographic characteristics of study par-
ticipants are comparable to German averages. In terms of age, employment status, sex, and
household net income, our experimental sample is similar to the German population. Partici-
pating households consist of slightly more occupants (2.5 vs. 2.0 in Germany), which is mostly
driven by a smaller percentage of single-person households (12% vs. 42% in Germany). For
households of a given size, electricity consumption levels are similar in our study and the
German population. The larger average number of occupants per household in our sample
translates into larger average electricity consumption levels compared to the German average
(10.4 vs. 8.6 kWh per day). Furthermore, households in our sample live more often in their
own property than the average German household (76% vs. 44% in Germany) and went to

school for slightly longer (11 vs. 10.5 years).
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3.4 Empirical Strategy

The main goal of our randomized controlled trial is to identify the average treatment effect
(ATE) of providing disaggregate feedback in addition to aggregate feedback. Furthermore, we
exploit the group MC to estimate the ATE of aggregate feedback on electricity consumption,
and to obtain an estimate of the total electricity savings from disaggregate feedback relative to
a group without any feedback.

Our design allows us to experimentally identify the impact of disaggregate feedback. Ran-
domization ensures that participants in group A and D are identical in terms of both observable
and unobservable characteristics (see Table 1 and Appendix Table A3 for the absence of sta-
tistically significant pre-treatment differences). We use participants in the group A and D to
estimate the equation:

Y™ = Y] + BD; +vi + 1, + €, 4)

where D; is a dummy variable that equals one if a household received disaggregate feedback
and zero otherwise. The variable Yj}°"" denotes electricity use of household i at day ¢, di-
vided by the average daily electricity use in the aggregate feedback group during the core
study period.!® The variable Y} denotes the average daily consumption during the baseline
period, normalized the same way. Including it in our equation allows us to control for per-
manent between-household differences in electricity consumption. This mimics a difference-
in-difference design and increases the efficiency of our estimates. We also control for billing
cycles by including a set of month-of-baseline fixed effects (14,) that equal one if the baseline
metering period ended in month m, and zero otherwise. Our model includes day fixed effects
(vt), which absorb variation from seasonality, and an error term €;;. We cluster standard errors
at the household level, thereby accounting for serial correlation in the error terms.

To identify the effect of providing aggregate feedback, and the effect of disaggregate feed-
back relative no feedback at all, we include participants from the group MC and estimate the
following equation:

YIOM — 0YP 4y Ay + OD; + vi + b, + €, )

13This normalization expresses treatment effects as a percentage of the average consumption level in the absence
of treatment and is common in the literature (e.g., Allcott 2015). It also provides us with a direct link to the sufficient
statistics in the welfare analysis. The treatment effects in kWh can be obtained by simply multiplying our estimates
with the Aggregated Feedback (A) group mean (10.4 kWh).
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where all the variable definitions are as in Equation (4), and A; equals one if household i is
in group A, and zero otherwise. Notice that the reference group in Equation (5) is the group
MC that does not receive any feedback. Thus, v measures the effect of receiving aggregate
teedback alone, and 6 measures the overall effect of disaggregate feedback, i.e. 6 = B+ . We
correct the standard errors for clustering at the household-match level, i.e., we assign the same
clustering unit to matched households from the groups A and MC (Abadie and Spiess, 2021).
Consistent estimation of 7y and ¢ requires a Conditional Independence Assumption (Im-
bens and Wooldridge, 2009): conditional on covariates, the treatment group indicators D and
A need to be independent of the error term €. Controlling for baseline use eliminates any bias
from differences in levels. However, the Conditional Independence Assumption also requires
trends in each group to be parallel in the absence of an intervention. While randomization
ensures that this is the case for the identification of j, it could in principle be violated for 1.
For example, a violation could arise if baseline electricity consumption levels were unbalanced
across study group and if trends differed depending on these levels. In our setting, matching
ensures that baseline consumption levels are balanced across study group, which mitigates
such concerns. Furthermore, households could face different weather shocks during the out-
come period, which could confound our estimates. In Appendix Figure A8, we plot average
sunshine, precipitation and temperature in our study groups and find no empirical support

for such concerns in the context of our study in Germany.

4 Results

4.1 Effect of Feedback on Total Electricity Use

We start by descriptively investigating the impact of aggregate and disaggregate feedback
on electricity consumption. The right panel of Figure 2 shows the difference between the daily
electricity use during the intervention period and the average daily use in the baseline period.
The electricity use of households in group D have considerably lower average electricity use
levels than households in the other study groups after our intervention begins, which is first
evidence that disaggregate feedback reduces electricity consumption beyond aggregate feed-
back. By contrast, the average electricity use levels are very similar for the groups A and MC,
which speaks against pronounced electricity conservation effects in response to receiving ag-

gregate feedback. For all study groups, the average daily electricity use declines over time,
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Figure 2: Average Daily Consumption by Study Group
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Notes: The left part of the figure shows the average daily electricity use during the last annual billing period prior
to the intervention for our three study groups. The right part plots the average daily consumption of electricity
during the intervention period, demeaned by average billing baseline consumption.

which reflects that our study starts in winter, when electricity use tends to be the higher than
in other seasons.

We continue by econometrically estimating the ATE of disaggregate feedback, relative to
obtaining aggregate feedback. Exploiting experimental variation only, we estimate Equation
(4), finding that the ATE amounts to —4.8% and is statistically significant at all conventional
levels (Column 1 of Table 2). Hence, providing disaggregate feedback in addition to aggregate
feedback yields large additional reductions in total electricity input. Our estimate remains
virtually unchanged when we additionally control for weather controls such as sunshine, pre-
cipitation, and temperature, which provides further evidence that weather shocks do not con-
found our estimates.

In Column (4), we present the estimates of both aggregate and disaggregate feedback, rel-
ative to not obtaining any feedback, from estimating Equation (5). We find that the ATE for
households who obtain aggregate feedback amounts to only —0.9%. One explanation is aggre-

gate feedback may not be sufficient to overcome the search frictions that prevent consumers
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from acquiring information about which appliances might be responsible for high aggregate
electricity consumption levels. Our estimate is consistent with previous studies that have
found only small savings from aggregate feedback in European countries (e.g., Degen et al.
2013). We again find no evidence that weather shocks confound our estimates. While restrict-
ing the analysis to our subsample that can be georeferenced and linked to weather data reduces
our sample size and slightly increases our point estimates (Column 5), additionally including

weather controls leaves our estimates virtually unaffected (Column 6).

4.2 Effect of Disaggregate Feedback on Appliance-Level Electricity Use

We proceed by exploring the appliance-specific ATEs of disaggregate feedback, which we
have identified as sufficient statistics for evaluating welfare effects. For that purpose, we esti-
mate Equation (4) separately for every appliance category, substituting the outcome variable
by the average daily consumption of each appliance category, normalized by the respective
average in group A.

As shown in Panel b) of Table 2, we find that the conservation effects from appliance-level
feedback are close to zero for appliance categories which are typically used throughout the
day, such as Refrigeration and Always-On. The low response may partly reflect that consumers’
demand for refrigeration is largely constant, irrespective of (perceived) cost. By contrast, we
find that appliance-level feedback triggers a substantial reduction in the electricity consump-
tion of dryers (Column 5 of Table 2b). As dryers are an electricity intensive appliance, it is
plausible that consumers underestimate it (Attari et al., 2010) and hence reduce their energy
consumption after receiving appliance-level feedback. In addition, substitutes for using the
dryer are often available as dry-hanging clothes is common for German households. We also
find some evidence that participants have reduced their use of the dish-washer, yet this effect
is not statistically significant at any conventional level.

In addition, we find that households reduce consumption for the category Other Appliances,
an effect that is statistically significant at the 1% level. This category encompasses a variety of
electric appliances, such as televisions, hi-fi systems, vacuum cleaners, computers, as well as
lighting. While no direct feedback is given for these appliances, our evidence suggests that
participants nonetheless may have updated their respective beliefs. This is possible because
more accurate feedback about some of the appliances helps them attribute the residual elec-

tricity use to the remaining devices. Our evidence suggests that they learned that these other
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Table 2: ATEs on Daily Electricity Consumption

(a) ATE of Aggregate and Disaggregate Feedback (at the Household-Level)

@ @ ®) €] ©) (©)
A: Aggregate Feedback - - - —0.009 —0.027 —0.029
(0.022) (0.029) (0.029)
D: Disaggregate Feedback —0.048***  —0.046*** —0.047*** —0.055*** —0.072** —0.074***
(0.016) (0.018) (0.018) (0.016) (0.023) (0.023)
Sunshine (in min per hour) - - —0.001** - - —0.001**
(0.000) (0.000)
Precipitation (in liters per hour) - - 0.032** - - 0.029**
(0.015) (0.014)
Temperature (in °C) - - —0.007** - - —0.006**
(0.003) (0.003)
Day fixed effects (FE) v v v 4 4 v
Month-of-baseline FE 4 v v v v 4
Subsample with weather data v 4 4 v
Y?: Baseline elec. use 0.895%** 0.904*** 0.906*** 0.910*** 0.907*** 0.908***
(0.022) (0.023) (0.023) (0.020) (0.022) (0.022)
R? 0.5586 0.5684 0.5689 0.5687 0.5631 0.5636
Number of obs. 106,283 93,350 93,350 127,790 104,401 104,401
Number of participants 700 613 613 840 684 684

(b) ATE of Disaggregate Feedback (at the Appliance-Level)

@ @) ®G) @) ®) (6) @)
Always-On  Refrigeration ~Dish—Washer Washing Dryer Oven  Other appl.

D: Disagg. Feedback —0.002 —0.007 —0.091 —0.028  —0.439*** 0.024 —0.072%**
(0.046) (0.041) (0.085) (0.064) (0.159) (0.151) (0.026)
Y?: Baseline elec. use 1.156%** 0.461*** 0.747*** 0.637*** 1.064***  1.354*** 0.851***
(0.065) (0.086) (0.103) (0.072) (0.166) (0.197) (0.033)
Day fixed effects (FE) v v v v v v v
Month-of-baseline FE v v v v v v v
R? 0.367 0.152 0.046 0.028 0.035 0.040 0.356
Number of obs. 93,187 93,185 84,511 91,473 65,852 93,187 93,187
Number of households 700 700 635 686 499 700 700

Notes for Panel a): ***,*** denote statistical significance at the 1%, 5%, 10% level, respectively. Standard errors are in
parentheses and clustered at the household (Columns 1-3) and household-match level (Columns 4-6), respectively.
The outcome variable is daily electricity consumption, divided by the mean in the A group (10.4 kWh). A and D
equal one for the households that obtain aggregate and disaggregate feedback, respectively.

Notes for Panel b): The outcome variable is daily electricity consumption of an appliance, divided by the mean for
the same appliance in the A group (2.30, 0.97, 0.29, 0.47, 0.16, 0.20, and 5.6 kWh for Columns 1 to 7, respectively).
The number of observations varies across columns as not all households possess all appliances. Standard errors
are in parentheses and clustered at the household level.
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devices were more energy-intensive than they originally thought, and thus cut back on usage.
In Appendix A1.3, we show that this is indeed consistent with Bayesian updating by rational

individuals.

4.3 Secondary Analyses and Robustness Checks

In the following, we briefly discuss the findings from a series of secondary analyses and

robustness checks (for details see Appendix Section A5).

Treatment Effects by Baseline Use. We find that the treatment effects from disaggregate
teedback are particularly large for households with high levels of baseline electricity consump-

tion (see Subsection A5.1 and Table A9 in the Appendix).

Treatment Effects by Hour-of-the-Day. We show that treatments effects occur predomi-
nantly during daytime, which is when households typically use appliances (see Subsection
A5.2 for details). The treatment effects of disaggregate feedback are particularly large during
late morning hours and late evening hours, while we estimate that the savings from aggregate

feedback occur during early evening hours.

Role of Beliefs. We conducted three surveys during the course of the study to analyze,
among others, whether there are biased beliefs regarding aggregate electricity consumption
and appliance-specific electricity consumption. In particular, we carried out the belief elic-
itations before and after the start of the interventions in order to estimate the effects of the
interventions on the beliefs (see Subsection A5.4 for details).

We find that, prior to the intervention, households on average hold correct beliefs about
their aggregate consumption, but perform only poorly in ranking energy intensities at the
appliance-level. During our intervention, households” appliance-level beliefs become more

accurate in the Disaggregate Feedback group, but not in the Aggregate Feedback group.

Sub-Treatment Arms on Types of Appliance-Level Feedback. We implement four sub-
treatment arms to test whether additional monetary incentives for reaching appliance-specific
savings targets, appliance-specific social comparisons, or a combination of both increases the
conservation effect of disaggregate feedback. As shown in Subsection A5.5, we do not find

that this is the case.
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Persistence of Treatment Effects and Attrition. While statistically insignificant, the treat-
ment effects decrease slightly over time (for details, see Subsection A5.6 and Table A12). The
decline may be driven by a seasonal reduction in baseline electricity use of more than 40%
between the beginning and the end of the study period (see Table 2). The decline may also be
related to attrition: our ATE estimates increase slightly when we restrict the sample to a bal-
anced panel, i.e.,, when we only include participants with complete data transmission during

the core study period (Table A10 of the Appendix).

5 Consumer Surplus

In this section, we go beyond estimating conservation effects and quantify the impact of
appliance-level feedback on consumer surplus. In Section 2, we have identified the following
sufficient statistics to point-identify and bound the consumer surplus gains from disaggre-
gate and aggregate feedback, respectively: the relative appliance-specific treatment effects of
disaggregate feedback on input use, Ay;/y; (and, equivalently, appliance-specific expenditure
changes E?), the relative effect of aggregate feedback on total electricity use Ay”/y (and, equiv-
alently, total expenditure changes E“), as well as the price elasticities of energy service demand
for every appliance category j, 7;.

A measure of the treatment effects we have identified as sufficient statistics is directly avail-
able from our empirical results in Table 2. To estimate the price elasticities of appliance-level
energy service demand 7;, we employ cross-sectional variation in our dataset that stems from
the fact that similar households in terms of observable characteristics pay different electricity
prices, in particular owing to transmission charges that vary strongly by region.

Our elasticity estimates, depicted in Column (4) of Table 3, show that appliance-level con-
sumptions are particularly elastic for the category Dryer, where the estimate reaches —3.42.
These estimates reflect that consumers can easily substitute this energy service by, for exam-
ple, dry-hanging clothes. For the categories always-on, refrigeration, and washing, we obtain
much smaller elasticities of —0.29 to —0.55. Our appliance-level elasticity estimates imply a
household-level elasticity of —0.39, which is close to the estimate of —0.44, taken from Frondel
et al. (2019).1* This finding reduces concerns that our cross-sectional identification strategy

yields strongly biased estimates.

14The elasticity of total consumption can be calculated as follows: 1 = Y.i1j(yj/y), where 57; and y; denote the
elasticity and the consumption level for appliance j, respectively, and y = Z]- Yj denotes total consumption.
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Table 3: Changes in Consumer Surplus from Appliance-Level Feedback

a) Changes in Consumer Surplus from Disaggregate Feedback (ACS®)

(1) ) ®3) 4 ®) (6)
Ay;/y; Avg. use AE; i bj/2e ACS?
inkWh/a in EUR/a in EUR/a

Always-On —0.002 885.35 —0.32 —0.31 —0.00 0.00
Refrigeration — —0.007 372.88 —0.66 —0.40 —-0.01 0.01
Dish-Washer —0.091 117.69 —2.54 —040 —-0.11 0.29
Washing —0.028 184.07 —1.21 —0.55 —-0.03 0.03
Dryer —0.439 69.10 —7.22 —342 —0.06 0.46
Oven 0.024 85.47 0.50 —1.07 0.01 0.01
Other appl. —0.072  2,145.96 —-36.88 —029 -0.12 4.60
Total 3,860.51 —48.34  —0.39 5.39

b) Changes in Consumer Surplus from Aggregate Feedback (ACS?)
Ay*/y  Avg. use AE (b*/2+b%)/e; ACS*

inkWh/a inEUR/a in EUR/a
Lower bound: —0.009  3,860.51 —7.42 —0.06 0.44
Upper bound: —0.009  3,860.51 —7.42 —0.44 3.29

Notes for Panel a): Ay /y and Ay? /yj correspond to the point estimate for group A from Table 2 Panel a), Column
2, and Panel b), Column 2, respectively. The change in Expenditures, AE; and AE*, is calculated as the product of

these point estimates (Column 1), the average annual electricity use in the Aggregated Feedback (A) group (Column
2), and the average electricity price in our sample (0.238 EUR per kWh). 7; denotes the price elasticity of energy
service demand with respect to the electricity price, which we estimate as described in Section 5. bjs. /e i denotes the

relative service-specific bias, which we calculate as — (ijs. /2y;)/1; (for derivations, see Appendix A2.1). Changes

in consumer surplus are calculated as described in Equation (2), respectively.
Notes for Panel b): The bounds for changes in consumer surplus are calculated as described in Equation (3).

Based on the appliance-level elasticities and ATEs, we estimate how consumer surplus
responds to the provision of disaggregate feedback. Column (1) of Table 3 reproduces the
appliance-level ATEs in response to disaggregate feedback from Table 2b, which correspond
to Ay;/y; in our model. We then estimate the relative bias as b} /e; = — (ijs- /2y;)/nj, which is
depicted in Column (5). We find that relative biases are negative for all appliance categories,
except for Oven. Negative biases are most pronounced for the categories Dish-Washer and Other
Appliances, where consumers underestimate energy intensities by 11% and 12%, respectively.
For the categories Washing and Dryer, we obtain less pronounced biases of —3% to —6%. The
relatively low bias estimate for driers illuminates that a large behavioural response is not nec-
essarily indicative of a large misperception, but may also be caused by a high price elasticity.

This observation underlines the general point that welfare effects of feedback cannot be de-
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rived from changes in consumption alone. The bias for the categories Refrigeration, Oven, and
Always-On is close to zero.

To determine how disaggregate feedback changes consumer surplus, we calculate the
appliance-level change in expenditures, AE;, as the product of the relative ATE, Ay;/y; (Col-
umn 1 of Table 3), the average consumption level, y; (Column 2), and the electricity price p. We
then multiply the change in expenditures with the relative bias (b7/2¢;) to obtain the change
in consumer surplus that can be attributed to every appliance category (Column 6). Summing
over all categories, we find that total consumer surplus increases by 5.4 EUR per annum and
household (last row of Column 6), which is substantially less than the 48.3 EUR decrease in
annual expenditures (last row of Column 3).

There are two main reasons why changes in total expenditures are an incorrect measure for
changes in consumer surplus. First, less consumption of an energy service not only reduces
expenditures, but also utility. The reduction in utility is proportional to the relative bias from
Column (5), which in our setting is at most 12% (in absolute value). Second, consumer surplus
can also rise when more accurate beliefs lead to higher consumption of an energy service,
despite the fact that expenditures increase. In our setting, this occurs for the category Oven, for
which our estimates imply that consumers slightly overestimate energy intensity.

In Panel b), we present our bounds for the consumer surplus gains in response to aggregate
teedback. Our point estimate of a 0.9% reduction in electricity use translates into a reduction
of expenditures by 7.42 EUR per annum and household. Yet, as shown by the bounds for
the relative aggregate bias (second-last row of Panel b), our estimates imply that only 6% to
maximally 44% of these savings translate into consumer welfare gains. Hence, we bound the
consumer surplus effects between 0.44 and 3.29 EUR per annum and household. Even the up-
per bound is lower than the consumer surplus gain we estimate for disaggregate feedback (5.4
EUR per annum and household). Providing such feedback in addition to aggregate feedback
is thus crucial to reap the full potential of smart metering.

To test the sensitivity of our results to these elasticity estimates, we conduct comprehensive
checks based on aggregate elasticity estimates from the literature (see, e.g., Frondel et al. 2019).
The major outcome of these checks is that our aggregate consumer surplus estimates are robust
to a variety of appliance-level elasticities that are consistent with aggregate elasticity estimates
from the literature (see Appendix A6 for details on the estimation and Appendix Table A15 for

sensitivity checks). In particular, we find that the consumer surplus gain from disaggregate
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feedback lies between 4.8 and 7.9 EUR per household and year, while the minimum and maxi-
mum gain from aggregate feedback ranges from 0.3 to 0.6 EUR and 3.1 to 7.5 EUR, respectively.
Our checks also reveal that the appliance-level contributions are relatively sensitive to the spe-
cific elasticities use. For example, while Table 3 suggests that the main consumer surplus gains
arise in the category Other Appliances, this is no longer the case under alternative assumptions
regarding appliance-level elasticities.

Overall, our findings demonstrate that official cost-benefit analyses in the EU and the U.S,,
for example, overestimate the consumer surplus gains from feedback substantially. Our results
have shown that only 11% (5.39 EUR / 48.3 EUR) of the estimated expenditure savings from
disaggregate feedback translate into changes in consumer surplus and only 6 to 44% of the
savings realized by aggregate feedback (second last column of Table 3). Hence, traditional
cost-benefit analyses overestimate consumer benefits from aggregate feedback by factor of two

to twenty and the benefits from disaggregate feedback by a factor of around ten.

6 Conclusion

In this paper, we conduct a randomized controlled trial to investigate the effects of provid-
ing households with appliance-specific feedback. Our findings show that appliance-specific
feedback leads to an additional electricity conservation effect of 5% beyond the savings in-
duced by aggregate feedback alone. Hence, the provision of appliance-level feedback should
be an integral part of the smart meter roll-out in the EU and beyond. Our evidence implies that
the high effectiveness of appliance-level feedback stems from its ability to overcome appliance-
specific misperceptions of energy intensities, in line with previous evidence (Attari et al., 2010).
Correcting these misperceptions via feedback allows consumers to more efficiently use their
appliances and to reduce total electricity use and cost.

We also provide a novel tool for evaluating the consume surplus gains from feedback
based on few sufficient statistics. As we show, such gains can be calculated as the weighted
sum of appliance-level energy cost savings. The weights are given by consumers’ relative bi-
ases, which measure consumers” misperception of input intensities. This contrasts with the
approach pursued in current cost-benefit analyses (Giordano et al., 2012; Faruqui et al., 2011)
that equalizes consumer surplus gains by the expenditure savings. As the correct weights typ-

ically add up to less than one, current cost-benefit analyses tend to overestimate the gains in
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consumer surplus substantially. We also derive how the weights can be identified from ob-
servable household behaviours, in particular the behavioural response to feedback and the
appliance-level responsiveness to electricity price changes.

The relevance of our findings extends beyond the context of smart meter feedback. Con-
sumers hold misperceptions not only about the electricity consumption of appliances, but
also about the effectiveness of fitness activities, the caloric content of foods, and benefits from
schooling returns, for example (Attari et al. 2010, Bollinger et al. 2011, Jensen 2010). In such
settings, eliminating biases via feedback holds the promise to improve the effectiveness of
physical exercise and the nutritional quality of diets. Our paper provides policy makers with
a tool for weighting the cost of feedback interventions against their benefits. Such tools are
particularly important as advances in digitalization will likely raise the policy relevance of

various forms of feedback in the future.
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A1l Behavioural Predictions of Feedback on Input Use

Let consumers have the following quasi-linear utility function:
U(xz) = u(x) +z, 6)

where u(x) denotes the utility from consuming | energy services denoted by the vector
x = (x1,...,x7)/, and z denotes the numeraire good, whose price is normalized to 1. The
consumption of energy service j requires energy inputs of y; = xje;, where ¢; denotes the en-
ergy intensity of energy service x;. Consumers maximize their utility subject to the budget
constraint w = z + ) ; y;p, where w denotes their exogenous income and p denotes the price of
energy. Let consumers have biased perceptions of energy intensities ¢; = ¢; + b” + bj, where b
and b; denote the aggregate and appliance-specific bias, respectively.

Al1.1 Feedback Removing the Aggregate Bias

The first-order condition of consumers’ utility maximization with respect to service de-
mand x; is given by:
Uy = (e + 0"+ bi)p (7)

Let H = (uy,x;) denote the Hessian matrix. Letting ;; denote the entry on the ith row and jth
column of H™!, we have the following lemma:

Lemmal. Foralli=1,...,n,
axi 1
O _ Y e
771
op pust
Proof. We first determine the comparative statics of the first-order condition with respect to p:

n ax.
uxixja—] =e+b"+ 1.
j=1 P

Taking b” + b; = 0 and then taking inverse, we get:

p €1 P €1
H| : | = — | : | =H! ,
%’;‘ en aa’;j en
completing the proof. O
We consider the impact of a full removal of aggregate bias, i.e. Ab” = —b“. Let Ax! = %Ab”

denotes the change in x; from such a change. We claim the following:



Proposition 1. The overall change in aggregate input use as a result of removal of aggregate biases is
given by

u axi

Zn:eiAx? =-bp) .

i=1 = op

Proof. To evaluate the impact of a change in the aggregate input use, we determine the com-
parative statics of this first-order condition with respect to b* which is:

! axi
Xt 5 = P
j=1

Using Ax] = %Ab“ = —b”%, we get

1 1
a
Yt AX] P
=1
— HAXx" = —-1"p

Hilp,

_ba =

where Ax = (Ax{,...,Ax}) and p = (p,..., p)". Multiplying by e; gives:

€

Ax? n
= Y hyer
bp = ijti

Summing over all i yields:

n Axﬂ n n
Catyh =YY e
i-1 9P iZj;
n n
=22 liei
j=1li=1
o
=oor’
where the last equality stems from Lemma 1. O
Hence, we can identify the aggregate bias by :
— - 2?:1 EZ'AX?
===
p Z?:l a%]
_ Ay
- n ax] ’
PLi-13p

where Ay* = YI' Ay? = ) ! e;Ax? denotes the total change in input use. Hence, as long as stan-
dard assumptions on the price response of service demand x; hold (dx;/dp < 0), the sign of
the aggregate bias can be directly inferred from the sign of the overall demand change. Specif-
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ically, a reduction of total input use implies a negative bias, i.e., an aggregate underestimation

of input use intensities.

Al1.2 Feedback Removing Disaggregate Biases

To evaluate how a removal of disaggregate biases effects total input use, we again start from

the first-order condition of consumers’ utility maximization with respect to service demand Xj:
ux; = (ej +bj)p

The aggregate bias is set to zero as we have investigated this case in the previous subsection.

In the absence of any structure on disaggregate biases, the effect of removing disaggregate
biases is indeterminate (the case of a removal of an aggregate bias extends to the the cases
when all biases are positive or negative).

Hence, we put some structure on belief biases that ensures that their disaggregate biases
are not naive in the sense of implying an aggregate bias. To that end, we let input intensity
beliefs & = ae; + (1 — a)e, where & € [0,1) is the weight that individuals put on the correct
intensity and e denotes a belief that is consistent with a correct perception of total input use,
but does not distinguish between different appliances, thus satisfying }_xje; = (¥ xj)e (see
Gabaix 2017; Enke and Graeber 2023). Beyond ensuring that appliance-level biases do not
imply an aggregate misperception, this specification also implies that eliminating appliance-
level feedback may increase input intensity beliefs for some appliances and reduce them for

others. Hence, the first order condition of consumers’ maximization is:
Uy, = (we; + (1 —a)e)p.

Let Ax; = (1 —«) % denote the change in in x; from the removal of appliance-specific bias.
Then we get the following result:

Proposition 2. The overall change in agqregate input use as a result of removal of appliance-specific

biases is given by

n n a l
Y eidxt = p(1—a) Y (e — e>a’;. (8)
=1

i=1 i

Furthermore, assuming that ey > ey ... > e, (with at least one strict inequality), aggregate input use
decreases if

m<m<...<1y

with at least one strict inequality, where n; = (dx;/dp)(p/x) = (dy;/dp)(p/y) denotes the elasticity
of input use with respect to the input price p.
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Proof. To evaluate the impact of removing the appliance-specific bias, we determine the com-
parative statics of this first-order condition with respect to « and p. After rearranging, we
obtain the following system of equations (fori =1, ...,n):

L axi
]; ejhij = e )
n AxS )
Y ehij+ Slhig = %, (10)
a p ap

where & = (1 — «)~! and h;; is the (i, j)-th entry of the inverse of the Hessian matrix of u.
Foreachi =1,...,n we can rewrite (10) as

n AxS v,
Y eihy 4+ SN g = 9% (11)
pst ep e dp
Subtracting (11) from (9), we getfori =1,...,n:
AxS — e 9.
Y (e — ey — T2 - 20N (12)
i ep e dp
Summing (12) for all 7, we get
n e AXS n ,
Liz1 60X 5 12(6 ez')aaXZ
ep €ix P
Rearranging gives us (8) as desired.
We now explore the conditions under which total input use reduces, which occurs if:
n s n o) X;
geiAxi =p(l—a) ;(ei - e)g <0. (13)
i=1 i=1
Using that p > 0,1 — a > 0, this reduces to finding conditions such that
& ox;
;(ei - e)a—pZ <0. (14)
Using the definition of e = }' ; g;e; as sum of e; (with weights g; = x;/ }_; x;) we obtain the
the inequality:
n ax n
.5, L8ilei—e) <0. (15)
i—1 %P j=31

Multiplying by Y% and rearranging, we can rewrite this inequality to get:

ox; ox;
Y. (ei—ej) {x‘l—x,‘]} <0 (16)
i,j:i<j : : ap ap
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Without loss of generality, assume that e; > e;... > e, (with at least one strict inequality).
Then, a sufficient condition for a reduction in total input use is given by:

%x;1 < %xgl S S axnx;1/
op ap dp

with at least one strict inequality. Multiplying by p yields:

m<m<...<1ny,

as was to be shown. O

One possible functional form that satisfies the condition in Proposition 2 would be that for
alli=1,...,n,

8x,'

% = _Cxiei/

where C > 01is a constant. We have
ox; ox;
Y. (ei—ej) [x'z —x‘]} = Y —Cxixj(e; —ej)*.
iji<j L Top fop ; B

We will thus get following expression for change in total input use:

which is clearly negative.
One could weaken the condition to

axi

o —Cix;ei,

provided that the sequence Cy, ..., C, > 0 satisfies the property C;/C; > ¢;/e; whenever ¢; >
ej, with inequality strict when ¢; > ¢;. In this case, we have

0x; ox;
) (ei—e)) [le — xi]] = ), —xx;(Cie; — Cej) (ei — ¢j),
i ji<j ap ap iji<j

hence the term is indeed negative since the terms (Cie; — Cje;) and (e; — ¢;) share the same sign.

Lemma 2. The bias parameter 1 — « can be identified empirically as

n e AxS
1—a= %H L (17)
pLrii(ei—e)5,
Proof. This follows immediately from rearranging equation (13). O

The expression in equation (17) has a straightforward interpretation: the numerator in the
equation is the change in energy use due to the removal of the error (1 — a)(e; — e) in the



perception of service intensities for appliance i. The denominator expresses by how much
energy use would change due to a change in perceptions Ax = 1: it would act like a price
change of (e; — e) p for service i, and must hence be weighted with the slope of the demand %—7;

for service i.

A1.3 Belief Updating from Information for a Subset of Appliances

In this section, we explore what a consumer can learn from disaggregate consumption feed-
back for a group of appliances with respect to the consumption of another group of appliances
where no feedback is given.

To formalize that problem, let y/; denote the consumption of a group of appliances for which
a consumer obtains aggregate feedback, and y, the consumption of a group of appliances for
which a consumer obtains no disaggregate feedback. We also assume that the consumer ob-
serves aggregate consumption Y = y; + y>. A consumer has prior beliefs about appliance 1
and 2 that are normally distributed: y; ~ N(uy, O'yz) fori = 1,2, where y, and ¢, denote the
mean and variance of all types of appliances that exist. We also assume that a consumer ob-
tains a normally distributed signal regarding the consumption of both appliances that consists
of “truth plus noise”: s; = y; + u; where u; ~ N(0, (712,1,) denotes the noise that is assumed to be
independent of true consumption levels y;. The precision of the signal i is thus given by 1/u;.
Finally, we assume that the consumer processes signals via Bayesian updating.

This model setup captures the core features of our experimental setting. Consumers may
be well aware about the distribution of energy uses by different appliances, but they are funda-
mentally unsure about which appliance uses more (or less) energy than another (Attari et al.,
2010). Note that, for simplicity, we cast the problem about a problem of inferring energy uses
rather than energy intensities. Both problems are equivalent as consumers can easily observe
the appliance usage x, but not the energy intensity e (and, thus, energy use y = x - e).

We now explore how obtaining more precise information about the consumption for certain
appliances affects the beliefs concerning the appliances where no additional information is
received. In particular, we model better information as an increase in the precision of the
signal obtained for the second group of appliances, for example because disaggregate feedback
is provided. Formally, we assess how the conditional distribution of y; given s1, 52, and Y
changes as ¢;,, decreases (the precision of the signal 1/0;, increases).'®

Before deriving the conditional distribution, we first make some definitions. Let y, denote
the expected value of a random variable X. Furthermore, let Z = [y, 51,52, Y]T denote the
vector of the variables of interest in this setting. The vector of signals a consumer obtains is
denoted by S = [s1, 3, Y]”. The covariance matrix X of Z is then given by:

oy oy 0 oy

s _ oy oy +op, 0 oy
0 0 og o, oy
o 9 o oy toy

151 this section, we used ChatGPT to reproduce textbook results on conditioning results for normal distributions.
All subsequent derivations were produced by us.
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We can partition
Y1 Xug
Ly Ty

7

where the sub-matrix X44 is the covariance matrix for the variables sq, s, and Y:

2 2 2

i 0 gy

_ 2 2 2

gy = 0 oy + Tu, ay
2 2 2 2
oy oy oy + oy

General formula for conditional distribution

The conditional distribution of y; given a vector of realized signals s is given by

y1|S ~ N(,uyl\S/ Z‘y1|s)/

where
Hy
Hyls = Hy +Z0Z5 | s— |y (18)
Hy + My
and
Syl = 0y — Z14%44 Ta (19)

denote the conditional mean and variance of y;, which capture the posterior beliefs of partici-
pants after having observed signals about appliance 1, 2, and total energy use.

Equations (18) and (19) capture the rationale how a consumer employing Bayes’ rule in-
corporates information about signals s1, sp, and Y into her beliefs. Equation (18) shows how
the consumer updates her posterior mean belief regarding the consumption of appliance 1. It
shows that updating is strong when a) the signals received z deviate from their expected value,
and b) when the term 21424_41 is large, which captures the informativeness of a given signal.
Equation (19) describes how the consumer updates her posterior variance regarding the con-
sumption of appliance 1. It shows that the posterior second moment consists of the variance
of i1 less the part of the variance that is explained by the signals z, 21424_41241.

In the following, we explore how a higher precision of a signal for good 2 affects the infer-
ences a consumer makes from that signal about the consumption of good 1. This will allow
us to explore in what way consumers rationally adjust their beliefs for a group of appliances
when disaggregate consumption feedback is provided for another group of appliances.

Derivation of conditional distribution in our setting

We now derive the expressions 21424_41 and 21424_41 Y41 in our setting. For that purpose, we
partition the sub-matrix Y44 into the following components:
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The Schur complement S is given by

o o
S=D-CA'B=0, 40, — 55 — 5"
oy + oy, oy oy,

Let the “signal-to-noise” ratio for appliance 1 be denoted by by:

2

%y
Y= o2
oy + 0y
and for appliance 2 by:
o2
b=l
We can rewrite S as follows:
S=o0,(1—a)+0;(1—p). (20)

Note that a higher precision of signal 2 (lower (752) increases  and decreases S (and thus in-

creases S~ 1).

We can compute the inverse X! as follows:

A7'BCA™! —A7'B
—CA! 1

A1+ A71BSTICA™! —A-1BS!
—S71cA! s-1

-1 _
244 -

Afl
Ol {51
0 O

Note that A"!B = [2] and CA~1 = {oc ﬂ}
We thus have
o af —w
= |ap B —p
- —p 1

A-1BCA-1 —A-!B
—CA! 1

We are interested in the quantity 21424;41 .41, where
Y=z 0 ] =c[1 0 1],

and

We have
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We also have
o> af —a

1 ) 2
(%
10 1] |ap B —p| |0 :0&2—2o¢+1:((x—1)2:<02_:102>.
1

—a _:B 1 ¥ 3!
It follows that , )
g
Y Sy = 4 14851 (21)
44 oy + 03, oy + 03,
Furthermore, we have that:
L 0 0 2
o7+o2, a” af —a
muty =ap[1 0 1 {| 0 Fl ol +s|ap B B}
0 0 0 —a —p 1
1
7+07, 0 0 > afp —a
=1 o) 0 o o[ +g[t o 1fsT s g
0 0 0 -« —p 1
=02 |t 0 0| +afs a2 —a ap-p 1-4f
Rewriting thus gives:
2142;41:(755*1 [aﬁfagl"i_“z_“ Ba—1) 1—04.] (22)

Result 1: Belief updating regarding appliance 1 consumption is stronger when the signal
for appliance 2 becomes more precise.

Recall that our thought experiment is that (732 decrease (e.g., in response to disaggregate
feedback) and then to explore the impact of this on the precision of beliefs for y4, i.e., the con-
sumption of appliances not covered by disaggregate feedback. We first explore how posterior
means (j,, ;) are affected.

Putting Equations (18) and (22) together, we get:

Hy
Hygls = Hy + 0,57 [qgfggl tol—a Bla—1) 1- IX} s— |y : (23)
(1) My + Hy

)

Notice that the impact of on the posterior mean, captured in Equation (23), consists of two
components. First, the strength of updating (1), and, second, the degree to which the signal
obtained by a consumer deviates from his posterior mean (2).
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For the purpose of our thought experiment, where ¢;, decreases, we now want to assess
how such a change affects the posterior mean for the consumption of appliance 1. This follows
from the second element from Equation (23), which is given by:

ty + 055 (o) B — 1) (52— py) - (24)
N——
(1) 2)

Intuitively, the posterior mean for the consumption of appliance 1 consists of the prior
mean yy, plus an updating component. The updating component consists of two terms. The
first term, (1), captures the degree to which a higher signal implies an adjustment of the poste-
rior mean. In our setting, it is always negative (as « < 1). The second term, (2), captures what
a consumer learns about appliance 2. If the signal for appliance 2 is larger than anticipated,
(2) is positive and a consumer adjusts his posterior mean for appliance 1 downwards. This is
because the consumer now attributes more of the aggregate consumption level to appliance 1
(and less to appliance 2).

What happens to such updating when ¢;,, decreases? As before, S~! increases when 0,
decreases. In addition, B = 0/ (0; + 07,) increases when o7, decreases. As 0 < a < 1, this
implies that (1) decreases when ¢;, decreases. The intuition is as follows: Better information
for appliance 2 implies that a consumer puts more weight on the signal obtained for that ap-
pliance.

In the context of our experiment, highly precise feedback for appliances 2 (through disag-
gregation) will imply that consumers learn more about the consumption of appliance 2 and
appliance 1. If the consumer learns from signal 2 that the consumption of appliance 2 is lower
than expected, we have that s, — j1;, < 0. In our experiment this is likely the case as the con-
sumption share of large appliances covered by disaggregation is plausibly smaller than what
consumers may have suspected. Consumers will then revise their posterior mean for appliance
1 upwards, even though they have not received any specific information on these appliances.

Result 2: Beliefs about appliance 1 consumption become more precise as the signal for
appliance 2 becomes more precise

Next, we discuss a second channel that explains why consumers respond to better infor-
mation for disaggregate appliances by changing the consumption of other appliances. This
channel is more subtle and works through the precision of signals. As above, continue to as-
sume that electricity use of disaggregate appliances is smaller than y,, and that consumption
of the appliances without specific feedback is above ;.

Because the signal for a subset of appliances becomes more precise, more households will
receive a signal that (s, — 1)) < 0. By the same token, equation (24) is thus pushed up for these
households, thus leading a larger fraction of households to (correctly) believe that y; > 1, and
reduce consumption of these appliances, as we observe in the data.



Formally, these forces reduce the remaining variance in the forecast of 1, as can be seen by
putting (19) and (21):

_ 2 -1
Zyl‘s = O'y — 214244 241

]3 2 5 2 1 5_1( MZ) 2 - 2 4
o 402, o2 + 02,
oy 9y

where 5(0y,) = 07 + 0y — T e

Note that %, |, depends on 0y, only via S~1(0u,). S~!increases when 0y, decreases. Hence,
21424’41241 increases as crflz decreases. As this term enters negatively, the conditional variance
of y; decreases as 0, decreases, which is what we wanted to show. In other words, poste-
rior beliefs regarding the consumption of good 1 become more precise as the precision of the
signal for the other group of appliances increases, for example in response to the provision of

disaggregate consumption feedback.

A2 Welfare and Sufficient Statistics

A2.1 Sufficient Statistics for Evaluating Consumer Surplus

Let consumers have the following quasi-linear utility function:
U(x,z) = u(x) +z, (25)

where u(x) denotes the utility from consuming | energy services denoted by the vector
x = (x1,...,x7)/, and z denotes the numeraire good, whose price is normalized to 1. The
consumption of energy service j requires energy inputs of y; = xje;, where ¢; denotes the en-
ergy intensity of energy service x;. Consumers maximize their utility subject to the budget
constraint w = z + ) ; y;p, where w denotes their exogenous income and p denotes the price of
energy. Let consumers have biased perceptions of energy intensities ¢; = ¢; + b” + bj, where b
and b]S. denote the aggregate and appliance-specific bias, respectively.
We write decision utility as:

Us = u(x) — Zp(e]- + 0" 4 b)x;.

]

Utility maximization yields the FOCs with respect to energy service demand x;:
ux, = pej = p(ej +b"+0b7) Vjie{l,..., ]} (26)

Furthermore, normative utility is:

U =u(x) — Zpejxj.
j
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We are interested in the welfare effect of a change in the bias b — b + Ab. Its second-order
approximation is given by:

ACS = U"(b+ Ab) — U"(b) = U’ Ab+ %Ab’uﬁbAb/

where U’ and U}, denote the vector of first and second derivatives of normative utility
with respect to the bias vector b, defined by:

n 2711 277
aBLbIl aabllélbl o aaTléIbk bl A bl
Uy=1:1, Up=|": c |, b= ,  Ab=
au" 27711 2711
o, o bi Aby
In particular, we find that:
ou"™ U’ ox;
ob, — by +”x’+;i’b]"abl
=) —— —px;— ej+bj) ==+ px;+ bi—=
;axjab, - ]Zp(’ TR ;pjabz
ou an an
=Y pbi=L
; ab;
ou" 0x azx]
Wby aleF;P I 96,9b
Xy
= paibﬂ (27)

where, in the last step, we assume that higher-order effects of changes in bias on demand are
Zero.

Under additive seperability, we have that u(x) = ) _u;(x;). It implies that:
j

0x dx
Uy = : Uy, = | .o
axk axk

P ab,
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Hence, we can express the change in consumer surplus as follows:
/ 1
ACS = U"(b+ Ab) —U"(b) = U Ab+ EAb’LIZ‘bAb

ax; 1 ox;
_ R I oxi
- Zj Pbigg, Abi + 5 §j PAb 35, Ab)

%

1
- ;p <bj + ZAbj) 7,

bj3 Ab;

— ; %AEj(b, AD), (28)
where Ay;(b, Ab) denotes the change in expenditures from an initervention that induces a belief
change from b to b + Ab.

Starting from a situation where both aggregate and disaggregate biases exist, we now ex-
plore how the total change in consumer surplus from a debiasing intervention, ACS, can be
split into two parts: First, a consumer surplus change from the removal of aggregate bias,
ACS* and, second, a corresponding change from removing disaggregate biases, ACS®. To de-
rive the respective consumer surplus changes, we first evaluate an intervention that removes
the aggregate bias b (e.g., through aggregate feedback) and then proceed to evaluate an inter-
vention that additionally removes disaggregate biases (e.g., through additionally presenting
appliance-specific feedback).

The effect on consumer surplus from removing aggregate biases is given by applying Equa-
tion (28), noting that b; = b + b]s-, Abj = —b", and that AE]-(b]-, Abj) = AE]”-‘. This yields:

b4 b — Lpe
2 A

a _
ACS" =Y P ;

_ I AE?, (29)

Similarly, the effect on consumer surplus from removing disaggregate biases follows from
Equation (28), noting that b; = b]s-,Abj = —b;T, and that AE;(b;, Ab;) = AE]S-. Hence, we ob-
tain:

bS
ACS® =) —AE;. 30
L35 (30)
Derivation of sufficient statistics:
In order to implement our welfare formulas, we need to express the relative aggregate and

disaggregate bias in terms of observables. To do so, we totally differentiate the first-order
condition of consumer maximization (Equation 26) with respect to disaggregate biases b?, the

xiii



aggregate bias b?, and the price p. These comparative statics yield the following system of

equations:

1
(<5}

=

AN
1

1

1

1
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3
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.. ||
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. axk _
S . : — . . —_— = 1
b;:H | : : p = e H

wllw‘cv

= Sakad

Ka
—_
T
~.
I
~
N—
—_
I
~

V":H| :|=p & — =Hlp,

where 1(-) denotes the indicator function. Under additive separability, we have that:

1

Uxixq 0 Uy x,
H=| : - Hl= |t
0 oo Uy, 0 ”x;(k
Hence, we can rewrite Equations (31), (31), and (33) as:
y; ox; pe; e?2 AbS
LAY = e A= A= L
ob: "U T ap O T, T T
2
Wi _ 0% . _ G
o o e
a . e; (32. a
%I bt = p——Ab" = p——- Ab .
ob* Uxjx; Uxjx; €

Inserting Equation (35) into Equation (34), noting that Ab} = —b7, yields:

. dy; (b

i
e U_ w
6§

Xiv

(31)

(32)

(33)

(34)

(35)

(36)

(37)



We then insert Equation (35) into Equation (36) to obtain:

a ay] i
=g (%)

b o
& = —% (38)
] ]

By inserting Equation (37) into Equation (29), we obtain an expression for ACS® in terms of
sufficient statistics:

Ay]

ACS* =Y JLAE:. (39)
22,7]

To obtain bounds for the consumer welfare effect of aggregate feedback, ACS”, we insert Equa-
tion (38) into Equation (30), which yields:

ACS* =Y | L 4 I | AES (40)
]Z- 25 |

In the absence of information about the change in expenditures at the appliance-level,
this expression is not point identified. However, note that consumer surplus is estimated
by weighting the changes in expenditures by the sum of the average aggregate and disag-
gregate bias (the expression in squared brackets). Hence, we derive the maximum and mini-
mum weight that is consistent with the aggregate saving, which we observe. Multiplying these
weights with the aggregate savings we observe then allows us to construct an upper and lower
bound for the consumer welfare change.

More specifically, the upper bound is given by:

Ay* Ay,
ACS* < p-A Am oy Im |
p- Ay - 2

where m is the appliance with the largest bracketed term. By a similar logic, the lower bound

is given by:
Ayt Ay
ACS* > p-Af- | L |
Z P BY 200

where 7 is the appliance with the smallest bracketed term.

A2.2 Sufficient Statistics Without Separability

In this subsection, we showcase how our approach can easily be adapted to other settings
beyond electricity use. We derive the sufficient statistics for an alternative model with a general
utility function u(x), but retain appliance-specific bias of the form ¢&; = ae; + (1 — a)e that we
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use in deriving the predictions for disaggregate feedback. This subsection serves to purpose
to showcase that our approach can easily be adapted to other settings beyond electricity use.
Normative utility is defined as above

U"=u(x)—p)_ ex;.
i=1

Recall that from the consumer’s perspective, the first-order condition is:

uy, = (a(e; —e) +e)p.

Hence, the derivative of normative utility with respect to the bias parameter « is:

BxlN

Assuming that 0, we get:
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Putting terms together for a second-order Taylor approximation, the increase in consumer sur-
plus from removing biased perceptions of appliance-specific service intensities, i.e of Ax =
1 — a has the following approximate effect:

au” 192U" )
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In the above equations, we have made use of the assumption that 0. Because of this, we

can express the derivative %’;’ = 1A “L where Ax: is the behavioural change due to the feedback

intervention. This is the total change in behaviour due to Ao = 1 — a, as we assume that the
feedback intervention removes the entire bias.

The expression in Equation (44) has the same general interpretation as in the separable case,
but is more compact as the bias parameter a governs the extent of bias away from the known

service intensities e;.
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The expression for ACS in Equation (44) still contains the parameter 1 — «. It can be iden-
tified empirically using Lemma 2 (equation 17). Substituting this result, we can express the
sufficient statistic for the change in consumer surplus by removing the bias 1 — & in the case of
non-separable utility as

1 Y ey

ACS = - ——— L
22?:1(31‘—6)%%1‘

3 (e; — e)Ax} (45)
=1

Calculation of this sufficient statistic requires three sets of measurements:

1. The change in service (energy) use due to disaggregate feedback for all appliances i,
eiAX;.

2. The demand responses %—’;j with regard to a change in the service (kWh) price p.
3. Measurements of the true service intensities e;.

Conceptually, all these elements can be identified in an experimental setup such as ours.
Notice also that it is still necessary to put some structure on the form of bias, which is achieved
through our behaviourally and empirically informed formulation. Identification of the suffi-
cient statistics in a model with non-separable utility and unspecified form of the bias would
require substantially more data. In particular, it would require knowledge of the demand
slopes g—;fi that vary the price for service i, while holding all other service prices constant. In
the context of electricity use, this would amount to an impossibly complicated experiment: one
would need experimental treatments that change the cost of use of only one of the appliances.

A2.3 General Welfare Effects of Feedback

In this section, we prove that a de-biasing intervention increases welfare under very gen-
eral assumptions. Throughout, we make the assumption that higher-order effects of bias on
demand is zero, i.e. that % =0foralll <i,j,¢ <k

Subjective utility is given by

U (b) = u(x(b)) — ple +b]'x(b),

where x(b) solves

ur(x(b))
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Taking derivative with respect to b, and denoting the Hessian of u by H, we have
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Normative utility is given by
u"(b) = u(x(b)) — pe'x(b)

Aby
The change in consumer surplus from changing biasby Ab = | ! | is given by
Aby

_aur 02U

1
U"(b+ Ab) = U"(b) = - Ab+ - (8b) .5

our’ ox 1 ,ox’ ox
=5 %Ab—i— E(Ab) % H%Ab
0x

= [Vu(x(b)) — pe]’ oAb+ %pz(Ab)’H‘lHH_lAb

= p*b'H 'Ab + % p?(Ab) H™AbD.

Ab

It follows that if Ab = —b, the change in consumer surplus is equal to
—p’'H b+ % pPPH b = —% p’b'H™'b

which is positive if H is negative definite.
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A3 Appliance-Level Electricity Use Measurement

In this section, we describe the commercial nonintrusive appliance load monitoring
(NALM) algorithm, which is used in our study to determine appliance-level consumptions
from high-frequency measurements of total electricity consumption of a household. Based on
Hart (1992), we first introduce the general approach of NALM algorithms and then present the
structure of the algorithm employed in our study (see Gupta et al. 2017 for details).

NALM algorithms exploit that appliances are typically wired in parallel, so that the power
they consume is additive. The fact that appliances are switched on and off creates distinct pat-
terns in high frequency data, which can be used to decode appliance-level consumptions. This
decoding process is simplified by the fact that every appliance has a distinct signature during
use, i.e. a characteristic pattern of the power it consumes. For example, washing machines
use different amounts of power when they heat water, wash, and spin. NALM algorithms
represent appliances as so-called finite state machines (FSMs), i.e., model appliances as hav-
ing a finite set of states (e.g. off, heating, washing, spinning) and transitions between states
(e.g. off — heating — washing — spinning — off). These FSM models are then mapped with
observable shifts in electricity usage to determine appliance-level consumptions. While the
methodology has already been proposed almost 30 years ago (e.g. Hart 1992), the mapping
between FSMs and empirical transitions has been facilitated by recent advances in machine
learning.

The structure of the NALM algorithm used in our study is depicted in Figure Al. A meter-
ing device records both the electric power consumed and the voltage at a high-frequency (in
our case, every few seconds), thus measuring the “whole house composite load signal”. This
signal is analysed in order to detect so-called transitions in the data, i.e., changes in consump-
tion levels.

A core element of NALM algorithms is a signature repository, which collects appliance
signatures. To construct this repository, the algorithm uses a comprehensive collection of elec-
trical load signature patterns of common appliances. For example, the load signature of an
electric clothes dryer typically consists of three states (off, high heat, cool down) and of typical
power consumptions for each of these states (e.g. 0 W, 4500-6000 W, 200-300 W, respectively).
Another input is the non-electric signature repository which includes typical behavioural pa-
rameters of appliance usages (e.g. that a clothes dryer is typically used for 30-75 min). Based
on these inputs, the household specific signature repository is constructed as follows. First, the
NALM algorithm uses methods from cluster analysis to define clusters of shifts in electricity
consumption. In a subsequent step, it classifies these clusters by comparing them to the typical
states and transitions of a particular appliance. This classification step is typically performed
via supervised machine learning techniques based on training data.

In a subsequent step, a load dis-aggregator uses the whole house composite load signal as
well as the signal repository to decompose the entire signal into appliance-specific consump-
tions. In our case, load disaggregation was performed once a day, so that households could
access appliance-level information always on day following appliance usage.

Appliances leave a distinct pattern in high-frequency electricity consumption data, which
allows to determine the start and end date of an appliance, as well as the electricity consumed
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by it. For the dryer, for example, it is easy to spot the pattern of a long heating period after
switching on the appliance, followed by an iteration between periods for letting cool down the
laundry and heating it up again.

A3.1 Appliance-Level Feedback in the App

In this subsection, we detail how appliance-level feedback is provided to participants in
our study group D. Based on the appliance-use events, we determine participants” monthly
electricity consumption for every appliance category. To facilitate the assessment of appliance
consumptions, we also use participants’ electricity prices to calculate monthly operating cost
by appliance. Furthermore, we transform monthly appliance-level consumptions into an ap-
pliance score that informs households about their usage intensity.!® In the app, households
can click on a button that provides a detailed description of the meaning of the appliance
scores. The score is 100 if a household’s appliance use is very low and 0 if it is very high, com-
pared to typical usage behaviours and energy intensities of the respective appliance. More
specifically, the score is calculated as follows: Appliance Score = 100 x (Monthly Appliance
Consumption - Benchy,,,)/(Benchygn - Benchyyy ), where Benchy,,, and Benchy,;gp, correspond
to pre-determined benchmark values for high and low appliance uses, respectively. We con-
struct these benchmarks from survey data on typical appliance uses as well as product data
sheets on the technical efficiency of appliances currently used in German households (for de-
tails, see Table A4 in the Appendix).

In Figure A5, we display the distributions of the appliance scores by appliance category. As
we determined the appliance score benchmarks prior to the experiment, assessing the range
of the appliance scores serves to evaluate the plausibility of the detected appliance use events.
For all appliance categories, the vast majority of appliance scores lies between 0 and 100, which
supports the credibility of the disaggregation. For the categories Dishwasher, Dryer and Oven,
there is bunching at indices of 100, which indicates that some participants have not used these
appliances at all in some months.

A3.2 Plausibility checks

To test the plausibility of the appliance-level measure, we benchmark the appliance-level
measurements by comparing our data from 2017 with the average appliance uses in Germany,
which is only available for 1996 and 2011. As Figure A6 in the Appendix shows, the percentage
of electricity used for cooking (9.6%) and for washing, drying, and dish-washing (9.7%) aligns
with German averages in 1996 and 2011 (about 9.6 — 9.8% and 10.4 — 12.4%, respectively). In
our study, refrigeration accounts for 9.9%, which is less than German averages for 1996 and
2011 (22.6% in 1996 and 16.7% in 2011). This divergence likely reflects a gradual increase in
energy efficiency of refrigerators and freezers over time, not least owing to ever increasing
minimum standards (see, e.g., Andor et al. 2020b). The percentage of the category Other Ap-
pliances amounts to 71%, which is slightly larger than the German averages (57.5% in 1996 and
61.1% in 2011). This deviation is likely driven by the general trend that households use more

16 After consulting with the app designers, we denoted this score as an “efficiency score”, as this term has intuitive
appeal to an average household.
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electric devices, such as smart TVs, computers, smartphones, and robotic vacuum cleaners. By
contrast, air conditioning is not prevalent in German households and thus cannot explain that

increase.
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A4 Matched Control Group

To identify the overall conservation effect, we additionally obtain data from a non-
experimental sample of smart meter households that are served by the same utility. These
households have agreed to report their electricity consumption to the grid operator who uses
the data to forecast load profiles. We obtain smart meter data in 15 minute intervals for 577
households, starting from November 1, 2016, which is when our field test started. This data al-
lows us to identify the effect sizes for all experimental conditions relative to obtaining no feed-
back at all. To ensure that observable household characteristics are balanced across our exper-
imental and non-experimental sample, we select a control group using a propensity matching
method.

As the left panel of Figure A7 in the Appendix shows, the baseline consumption in the non-
experimental sample is slightly larger than in the experimental sample. To account for such
differences, we follow a matching approach to determine the subset of control households
that we use in our analyses, denoted henceforth as matched control (MC) households. For
every participant in the Aggregate Feedback group, we determine the nearest neighbour in
the non-experimental sample by implementing a 1:1 matching algorithm without replacement,
based on two covariates. First, we match on the average per day electricity consumption in the
baseline period. Second, we control for differences in the timing of billing periods by matching
on the end day of the billing period before the start of the field test. As a result, we obtain a
group of 140 matched households.

The right panel of Figure A7 shows that, after matching, participants in the A and in the MC
group have about the same baseline electricity use distribution. In Table A8, we additionally
assess the balance in terms of further billing information. We find that the average end date of
the bill is not statistically different for both groups, as expected from matching. Yet, the average
start of the billing period starts about one month earlier in the Aggregate Feedback (A) group,
compared to the matched non-experimental observations. To account for such differences in
the baseline billing period, we include month-of-baseline fixed effects in our post-matching
regressions.
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A5 Secondary Analyses and Robustness Checks

In the following, we describe in more detail our secondary analyses and robustness checks.

A5.1 Heterogeneity in Treatment Effects by Baseline Consumption

To investigate treatment effect heterogeneity by baseline consumption in more detail, we
estimate two equations. First, we estimate the following equation by OLS, using only our
experimental sample:

yrorm — (XYib’dm + IBAZ-Yib’dm + v+ yﬁ, + €it,

where Yih’dm denotes the baseline consumption of household i, expressed as a percentage of
the average daily consumption in the A group. We also demean this variable, so that we can
interpret B as the average treatment effect at the mean of baseline consumption. In addition,
we estimate the following equation using the experimental and the matched control groups:

Yo — g yPAm - BOEC; 4+ BIECYY™ 4+ 40Dy + 1 DYPM vy 4 b, + €.

Using the experimental sample, the estimates for the interaction term between the disaggrega-
tion dummy D and baseline electricity consumption amounts to —0.66, but is not statistically
significant (Panel a of Table A9). When using data from the experimental sample and matched
control observations, we find that the interaction effect reaches -0.124 and is statistically signif-
icant at the 1% level (Panel b of Table A9). Furthermore, we cannot reject the null hypothesis
that both the main effect of EC and its interaction with the baseline electricity use are zero
(F-test stat.: 1.35, p-value: 0.26), while we can reject the corresponding null hypothesis for the
disaggregation groups D (F-test stat: 7.47, p-value: 0.001).
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A5.2 Treatment Effects by Hour-of-the-Day

In this subsection, we exploit the high granularity of our data to investigate how treatment
effects vary by hour-of-the-day. This analysis allows us to explore the timing of households’
responses to appliance-level feedback. Using households from our experimental sample, we
estimate the following equation:

24
o = qYP + Y B1(k = 1)D;i + ve + puy + 1, + €, (46)

k=1
where 1(-) is the indicator function and all variables are defined as in Equation (1), except
that we now investigate the hourly electricity consumption of participant i on day ¢ and hour
h, and additionally include 24 fixed effects y;, for every hour of the day. We normalize our
outcome variable by the average hourly consumption in the Aggregated Feedback (A) group,
so that our estimates B capture the ATE in hour &, expressed as a percentage of the average
consumption in that hour. Again, we cluster standard errors at the household level.

Figure A1l shows that treatment effects are large during late morning hours and late
evening hours. During these hours, they reach about 10% of the average control group con-
sumption. Furthermore, we find that the magnitude of electricity conservation cannot be pre-
dicted by baseline electricity consumption levels alone. Electricity reductions are particularly
strong in the late morning hours between 8 a.m. and 1 p.m., which coincide with large elec-
tricity consumption levels. However, during 4 and 8 p.m., consumption levels are similar,
but households save considerably less. We also detect strong savings in late evening hours
between 9 and 11 p.m., when consumption levels are rather low.

Using households from the A and MC groups, we also explore the timing of the electricity
savings from aggregate feedback (by estimating (46) and replacing the dummy variable D;
with the dummy variable A; that equals one for households in the A group). As shown in
Figure A10, we find that the electricity savings occur during the evening hours, between 6 and
8 p.m.

A5.3 Appliance-Level Treatment Effects by Hour of the Day

To identify the hourly average treatment effects at the appliance-level, we estimate the
following model separately for every appliance:

2
i = Yy + Y. ,B?Di + Ve + pp + €ipgj-
=1

In Figure A12, we show how appliance-level consumptions change in response to appliance-
level feedback over the hours of a day. For dish-washers, dryers, and washing machines, we
find a distinct pattern that savings occur only during the day, between 7 a.m. and 15 p.m.,
which coincides with typical usage patterns of these appliances. By contrast, consumption
reductions in the category Other Appliances occur particularly during late morning hours, as
well as during late evening hours, between 8 p.m. and 4 a.m. As the categories Refrigeration
and Always-On are measured daily, we cannot estimate hourly treatment effects for them.
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A5.4 Appliance-Level Beliefs

We conducted surveys before and after the start of our intervention to elicit participants’
socio-demographic characteristics, household characteristics, and beliefs. The first survey took
place in November 2016 prior to the start of the field test, followed by two additional surveys
in March 2017 and July 2017.

The survey that we conducted prior to the field test allows us to assess the extent to which
households misjudge their aggregate and appliance-level electricity use. We elicited house-
holds” annual electricity consumption beliefs and compare them to their annual consumption
values from the latest annual bill prior to the field test. This comparison does not provide any
evidence that households underestimate their aggregate electricity consumption. On average,
annual consumption beliefs are virtually on par with baseline consumption levels (Panel b of
Table Al). In addition, we find that beliefs closely match the actual consumption values. A
one-unit increase in baseline electricity use is associated with an increase in baseline beliefs
by 0.93 units (Std. Err.: 0.026; see Table A7 and Figure A13 in the Appendix). As shown
in Byrne et al. (2020), this estimate is a measure of the consumers’ misperception of aggregate
consumption. Hence, our finding that it is only slightly below one indicates that misperceiving
aggregate consumption is unlikely to cause excessive resource use in our context.

To assess appliance-level beliefs, our baseline survey contained a wattage ranking task that
asked households to assess the wattage of a laptop, dish-washer, tumble dryer, and mobile
heater relative to a 100 watt lightbulb on a five point Likert scale (“much lower”, “lower”,

17 We find that more than half of all respon-

“about the same”, “higher”, “much higher”)
dents make at least one mistake in assessing appliance-level wattage. Furthermore, respon-
dents make mistakes in about 11% of all the binary appliance-level wattage comparisons that
are implicitly incorporated in the task. Both findings show that households” knowledge of
appliance-level energy intensities is limited, as formalized by our model.

To investigate the mechanisms that underlie households’ responses to appliance-level feed-
back, we first explore whether treatment effects are particularly large for households who
make mistakes in the wattage ranking task. This test is closely linked to our model, which pre-
dicts that households who misjudge the relative wattage of appliances should respond most
strongly to the provision of appliance-level information. We define two groups of households:
those who made at least one mistake in the wattage ranking task and those who did not. We
then estimate our main specification (Equation 4) and interact the dummy variable D with both
group indicators, which yields the average treatment effect of appliance-level information in
these groups. As shown in Column (1) of Table Al6a, we find that the effect size amounts to
—4.3% for households who make at least one mistake and is statistically significant at the 5%
level. For households with no errors in the wattage ranking task, the effect size amounts to
only —1.4% and is not statistically significant at any conventional level. In Column (2), we also
consider a third group of households who did not indicate appliance-level beliefs in the base-
line survey. The effect size that we estimate for this group of households is even larger than for
those households who indicate beliefs and make at least one mistake. As not expressing be-

7Inspired by Attari et al. (2010), the wattage ranking task also included three further appliances: desktop com-
puter, hifi system, and air conditioning. Depending on the configuration of these devices, their wattage varies to an
extent that prevents us from establishing a clear wattage ranking. We thus exclude these devices from our analysis.

XXV



liefs may indicate particularly poor knowledge of appliance wattages, this finding is consistent
with our previous results.

In addition, we explore the intensive margin of making mistakes by interacting the dummy
variable D with the share of mistakes in all binary comparisons implied by the wattage rank-
ing task (Column 3). The estimate of the main effect (D) shows that households who make no
mistakes save only about 1.2% in response to appliance-level feedback. By contrast, we find
that an increase in the share of mistakes from 0 to 1 increases conservation effects by 15.6 per-
centage points (p-value: 0.069), which supports the idea that households with poor knowledge
of appliance wattage have particularly large treatment effects. Furthermore, the regression re-
sults from Column 3 demonstrate that households who make mistakes in the wattage ranking
task tend to have higher consumption levels overall. Taken together, these findings suggest
that lack of energy-related knowledge among households with high consumption levels could
explain why many previous feedback studies have detected particularly large treatment effects
for these households (e.g., Allcott, 2011; Andor et al., 2020a; Tiefenbeck et al., 2018).18

As a complementary test for the role of beliefs, we explore whether participants” appliance-
level beliefs align more closely with the appliance-level uses that we measure during the ex-
periment. We elicited appliance-level beliefs in a baseline survey that took place prior to the
study period (November 2016) and an end-line survey towards the end of the study period
(July 2017). In particular, we asked participants to estimate their monthly electricity consump-
tion for the appliance categories always-on, washing machine, dryer, refrigeration, and dish-
washer. A limitation of our data is that we observe appliance-level uses only once our field
experiment started. Hence, we cannot assess the accuracy of households” appliance-level be-
liefs before obtaining appliance-level feedback. Yet, we can test whether beliefs during the
field tests align more closely with measured appliance-level uses for households in the treat-
ment groups T1-T4 than for households in the Aggregate Feedback (A) group.

To circumvent difficulties that may arise from noisy appliance-level belief measurements,
we first translate all consumption beliefs into ranks.!” We assign rank 1 if a participant believes
that the monthly consumption of an appliance was highest among all of his or her appliances.
Similarly, rank 2 corresponds to a belief that the appliance consumption occupies the second
rank, etc. We also calculate the same ranks based on the appliance-level data that we can
observe. This allows us to calculate a rank difference as the absolute difference between the
ranks implied by participants’ belief and those based on the appliance-level data during the
study period. Averaging over these absolute differences across all appliances yields a measure
of the accuracy of beliefs that is robust to differences in the unit of measurement used by
participants when expressing their beliefs. For this measure to be comparable, we drop all

18In our study, we also find evidence for such treatment effect heterogeneity (see Appendix Section A5.1 for
details).

9The elicitation of appliance-level energy consumption beliefs is subject to vivid controversy and a methodolog-
ical consensus has not been reached so far (Frederick et al., 2011; Attari et al., 2010, 2011). To help consumers who
are not familiar with energy consumption units, some researchers provide reference points and inform households
about the energy consumption of a reference appliance prior to asking participants about energy consumption be-
liefs (Attari et al., 2010). While this approach can reduce excessive variance in participants” answers, providing a
reference point has been shown to also bias belief estimates towards that reference point. In addition, changing the
unit of measurement from watts to kilowatts, for example, can induce framing effects that also bias belief elicitation
(Frederick et al., 2011). For these reasons, we chose not to provide reference points.
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participants who have not stated beliefs for all appliances in one of the two surveys. The
mean rank difference is zero if a consumer is correct about the rank of all appliances and can
reach up to 3 if the estimated consumption ranks are exactly opposite to the ranks from our
appliance-level measurements.

Table Al6b displays the average absolute rank difference for the baseline survey that we
conducted prior to the experiment (B) and the survey after the core study period (E), as well as
the change in the rank difference (E-B). The baseline rank difference amounts to about 1.8 for
all experimental groups. It reflects poor knowledge of energy intensities as it is only slightly
lower than the expected rank difference of randomly determined ranks, which amounts to
70/36 ~ 1.94. For the EC group, we cannot reject the null hypothesis that the mean differences
in the rank difference (E-B) equals zero at any conventional significance level. This finding
is consistent with the absence of an conservation effect for that group (for details, see Section
A4 in the Appendix). By contrast, for each of the treatment groups T7-T, with appliance-level
feedback, we observe a decrease in the absolute rank difference that is statistically significant
at the 5% level. Accordingly, participants in these groups adjusted their beliefs in response to
obtaining appliance-level feedback.

A5.5 Sub-Treatment Arms

In this subsection, we explain the four sub-treatment arms that all receive disaggregate
information (and thus form the Disaggregate Feedback group in the main text).

In addition to the app functionalities that participants in the Aggregate Feedback group can
use (see Section 3.1 for details), participants in our first sub-treatment arm T; have access to
an additional app page that provides feedback on appliance-level usages, cost and appliance
scores. In the three sub-treatment arms T>-Tj, participants receive the same appliance-level
feedback and are additionally invited to take part in appliance challenges. With these chal-
lenges, we test whether complementary interventions increase the effectiveness of appliance-
level feedback. The challenges start at the beginning of the second month after installation of
the app and require participants to increase one of the appliance scores by as much as they
can within a month. At the end of the month, the change in the appliance score relative to the
previous month is evaluated as follows.

In sub-treatment arm T,, participants obtain 1 EUR per appliance score improvement,
capped at a maximum of 20 EUR per monthly challenge. This treatment is motivated by stud-
ies that have found stronger conservation effects when monetary incentives are provided (e.g.,
Ito et al. 2018). In T3, participants receive a ranking that compares their score improvement
with those of other study participants, but do not obtain a financial reward. A participant
within the top percentile of monthly score improvements is classified as rank one, and simi-
larly for all other percentiles. With this treatment, we test the impact of relative performance
feedback, which has been found to be effective in educational (Azmat and Iriberri, 2010; Tran
and Zeckhauser, 2012) and workplace settings (Mas and Moretti, 2009; Blanes i Vidal and Nos-
sol, 2011). In T4, we implement the same ranking, but reward participants according to their
rank: rank one translates into 10 EUR, rank two into 9.9 EUR, etc., and rank 100 into 0 EUR.
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This treatment allows us to explore the effectiveness of combining relative performance feed-
back with monetary incentives.

Participants take part in a maximum of five challenges. The first challenge is always tar-
geted towards the appliance with the lowest appliance score, followed by the appliance with
the second-lowest score, etc. If less than five appliances are detected for a household, chal-
lenges can target the same appliances more than once, given that all other appliances have
been targeted already. At the end of our study, participants in T, and T4 receive an Amazon
voucher to the amount of their earnings from taking part in the challenges. We designed our
reward scheme to yield similar average payments in both treatment groups. The average re-
alized payments per monthly efficiency challenge amount to 6.3 EUR in T, and to 4.5 EUR
in T4.2° The timing in our experiment is as follows: In the first month after app installation,
participants in T;—T4 obtain appliance-level feedback but challenges have not yet started. In
the months 2-6, participants in T>-Ty take part in challenges. After month 6, challenges do not
occur any more, but T;—T4 participants continue to receive appliance-level feedback.

We disentangle the differential impact of the app elements by estimating the following
equation:

Yo = DéYib + B1D; + BoM; + B3R; + BaM;R; + vy + ‘MZ, + €it, (47)

where the scalar D; equals one if a household is in any one of the four treatment groups
(Tyi, Tai, T3i, Ty;), so that ﬁ1 identifies the conservation effect of providing appliance-level feed-
back, compared to providing aggregate feedback only. Furthermore, M; equals one for the
treatment groups Tp; and Tj;, where participants receive monetary rewards for saving electric-
ity. Similarly, R; equals one for the treatment groups T3; and Tj;, where participants obtain
information on their savings relative to those of other participants. All three groups T-T4
also receive appliance-level feedback. Hence, the parameter estimates 8, and B3 identify by
how much the effectiveness of appliance-level feedback changes when monetary incentives
and rank information are provided additionally. We also interact M; and R; to test whether the
effectiveness of monetary incentives increases when they are tied to a relative ranking rather
than an absolute appliance score improvement. This interaction effect is identified by param-
eter B.

Our results from Panel b) of Table A1l show that the provision of appliance-level feed-
back in T;-Tj is the main driver of the electricity conservation we observe. Households that
obtain such feedback reduce their consumption by almost 5 percent compared to households
with aggregate feedback (Column 3). In Column (4), we test whether the provision of mone-
tary incentives and rankings intensify the response to appliance-level feedback. We find that
the point estimates are close to zero and not statistically significant at any conventional level.
Hence, neither monetary incentives nor rankings trigger higher electricity savings compared
to appliance-feedback alone. Furthermore, we do not find support for the conjecture that mon-
etary incentives become more effective when information about participants’ rank is also pro-
vided, as shown by the small and statistically insignificant interaction effect between M and R
in Column (5). Taken together, our evidence suggests that appliance-level information alone

20The average payment in group T4 does not exactly equal 5 EUR as we have less than 100 challenge participants
in that group for some months.
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leverages its full potential and that there are no significant complementarities with monetary
or social incentives. As we do detect no differences between the ATEs of the treatment groups
T; — Ty, we pool them and use the disaggregation dummy D for our analyses in the main text.

A5.6 Conservation Effects after Core Study Period

After our core study period of 6 months, participants continued to have access to the app,
but with limited functionality in treatment group T, — Ty. In particular, participants were
not invited to take part in efficiency challenges any longer, but still received appliance-level
consumption feedback.

To investigate the treatment effects after the core study period, we estimate Equation (4)
and (47), but restrict the sample to the time period from month 7 of the field test onwards.

Panel a) of Table A12 gives the average conservation effect relative to the EC group and
shows that the point estimate for the treatment effect in the disaggregation groups T1 — Ty
amounts to —1.4%, but is not statistically significant at any conventional level. When we re-
strict our analysis to a balanced panel, the treatment effect amounts to —3.3%, but is not sta-
tistically significant at any conventional level. Using the non-experimental sample to identify
the total conservation effect (Panel b of Table A12), we find that disaggregate feedback yields
a persistent reduction by —4.7% when using the full sample (Column 3) and of —2.7% when
restricting our sample to a balanced panel of households (Column 4).

We test for differences in the average treatment effect between the core study period and the
period thereafter by estimating the following regressions based on our experimental sample,
as well as on our experimental sample and our matched control group, respectively:

Yiorm = oY? + T AfterCSP; + B1D; + BaD; - AfterCSP; + vy + pb, + e,

YoM = &Y + 1 AfterCSP; + 71 EC; + 12EC; AfterCSP; +6,D; + 8,D; AfterCSP; +v; + pb, + ey,

where AfterCSP; equals one if day t occurs after the beginning of study month 7 and zero oth-
erwise. To avoid that differences in average treatment effects arise from changes in the sample
composition over time, we use a balanced panel for both regressions. The estimate 3, identi-
fies the difference in the average treatment effect from appliance-level feedback relative to the
Aggregate Feedback (A) group: ATE agtercsp-ATEcsp, where ATEcsp denotes the ATE during
the core study period. The estimate é, has the same interpretation, but gives the change in
the ATEs relative to the matched control group, i.e., relative to obtaining no feedback at all.
As shown in Table A13, we find that that 32 and &, are positive, but not statistically signifi-
cant from zero at any conventional level. While inconclusive, it is possible that the the strong
seasonal decline by nearly 40% evident in Figure 2 in the main text plays a role. The decline
may be driven by uses that are more responsive to disaggregate feedback. It is also possible
that attrition contributed to this trend. Point estimates of the impact of disaggregation are
slightly larger when we restrict the sample to observations who never experienced any data
loss. This is true for the main study period (see Table A10), as well as for the treatment effect
of disaggregation after the core study period (see columns (2) and (4) in Table A12).
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A6 Elasticity Estimates and Sensitivity Checks

To identify 7; from our data, we estimate the following regression separately for every
appliance category j:
In Yij = 1] In pi + ,B;Xz + €ij,

where X denotes a vector of socio-demographic variables for household i such as its income
and size, as well as the annual consumption level in the year prior to the experiment. Cross-
sectional identification faces some challenges that we discuss in the following. A typical con-
cern for identification is non-linear pricing, where marginal prices change with the level of
electricity consumption. As households in our sample face constant marginal prices, non-
linear pricing does not threaten the consistency of our estimates. Another concern is omitted
variable bias. Electricity suppliers offer tariffs with lower marginal prices to households with
higher consumption levels, which could negatively bias our elasticity estimates. To circumvent
such bias, we control for baseline electricity consumption, as well as for household income and
size. While controlling for additional covariates reduces concerns from omitted variable bias,
it may still be present to some degree. Our estimation results can be found in Table A17. As
an indirect test of the magnitude of our elasticity estimates (see Section 5), we calculate the
household-level elasticity implied by our appliance-level estimates and compare it to the find-
ings by Frondel et al. (2019). If our appliance-level elasticity estimates systematically suffered
from omitted variable bias, we would expect to find that the implied household-level elasticity
is biased as well. Further sensitivity checks are presented in Table A15, as also discussed in the

main text in Section 5.
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Supplementary Figures
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Figure A2: Visualization of Screens I
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Figure A3: Visualization of Screens II
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Figure A4: Visualization of Screens III
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Figure A5: Distribution of Appliance Scores
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Benchy,y, )/ (Benchyp - Benchy,,,), where Benchyqy, and Benchyg, correspond to pre-determined benchmark values
for high and low appliance uses, respectively. These benchmarks are based on survey data on typical appliance

uses and product data sheets on the technical efficiency of appliances currently used in German households (for
details, see Table A4).
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Figure A6: Decomposition of Electricity Uses, by Appliance Category
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Notes: Values are expressed as percentages of total electricity consumption in a year. Values for 1996 and
2011 are drawn from BDEW (2016), Energie-Info - Stromverbrauch im Haushalt, Bundesverband der Energie-
und Wasserwirtschaft. Values from our study are calculated for the Aggregate Feedback (A) group. As we
do not have data on hobs, we extrapolate their consumption based on the rule-of-thumb that a hob accounts
for 77.5% (75-80%) of total electricity consumption for cooking, as stated by the energy efficiency advocacy
HEA (www.hea.de/fachwissen/herde-backoefen/betriebswerte-und-energieverbrauchskennzeichnung, last
access: February 27, 2020).
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Figure A7: Balancing in Terms of Baseline Electricity Consumption between Study Participants

and the Non-Experimental Sample

(a) Prior to Matching (b) After Matching
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Notes: ”"Control (unmatched)” denotes all control group households, while “MC: Matched Control” denotes the
group of households that have been matched to households in the Aggregated Feedback (A) group.
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Figure A8: Seasonal Factors Across Treatment Groups
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Figure A9: Seasonal Differences between Treatment Groups
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Figure A10: ATE of Aggregate Feedback (A) group on Hourly Electricity Consumption (rela-
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Notes: Shaded bars indicate that treatment effects are statistically significant at the 1% (blue shaded) or 5% (light
blue shaded) level. Whiskers indicate a range of +/- 1 standard error (clustered at the household-match level). The
outcome variable is daily electricity consumption, divided by the mean in the A group. Using participants in the
MC and the A groups, we estimate the following equation: Y/;;"" = och-b + 2%4:1 B"EC; + vt + pyj, + €jp4- We cannot
reject the null hypothesis that all hourly point estimates are zero: F(24,277) = 1.15, p-value: 0.2938.
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Figure A11: ATE of Disaggregation (D) relative to Aggregate Feedback (A) group, by Hour of
the Day
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Notes: The ATE corresponds to the treatment effect of the group D (T7-Ty), relative to group A. The outcome
variable is hourly electricity consumption at the appliance level, divided by the hourly mean in the Aggregate
Feedback (A) group. Shaded bars indicate that treatment effects are statistically significant at the 1% (blue shaded)
or 5% (light blue shaded) level. Whiskers indicate a range of +/- 1 standard error (clustered at the household
level). Based on conducting an F-test, we can reject the null hypothesis that all hourly point estimates are zero:
F(24,699) = 1.82, p-value = 0.0096.
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Figure A12: ATE of Disaggregation (D) on Hourly Electricity Consumption, by Appliance
Category (Relative to Aggregate Feedback (A) group)
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Notes: Shaded bars indicate that treatment effects are statistically significant at the 1% (blue shaded) or 5% (light
blue shaded) level. Whiskers indicate a range of +/- 1 standard error (clustered at the household level). The out-
come variable is hourly electricity consumption at the appliance level, divided by the hourly mean in the Aggregate
Feedback (A) group. The categories Refrigeration and Always-On are measured daily, so that we cannot estimate
hourly treatment effects for them.
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Figure A13: ATE of Aggregate Feedback (A) group on Hourly Electricity Consumption (rela-
tive to Matched Control)
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Notes: Dots represent data points, lines stem from linear regressions of beliefs on actual baseline consumption and a
constant (separately for households in the Aggregate Feedback (A) group and households in the treatment groups
Ty — Ty, D. We elicited beliefs about the baseline electricity consumption in a survey that we conducted prior to
the field experiment. Actual baseline consumption corresponds to the consumption of a household from the last
(annual) bill prior to the field experiment. We drop outliers, defined as all observations above the 95 percentile of
the actual baseline consumption distribution, as well as below the 2.5 or above the 97.5 percentile of the distribution
of consumption beliefs, divided by the respective actual consumption.
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Supplementary Tables

Table A1: Descriptives (Experimental Sample)

A T, T T3 T,  P-value

a) Socio-demographics (n=700)
Baseline consumption, in kWh/day 10.2 105 101 105 105 0.90

No. of occupants 24 2.5 24 2.5 2.6 0.17
Monthly net income, in EUR 3,004 3,188 3,030 3,194 3,091 0.63
Own property, in % 73.6 797 738 775 732 0.67
Employed, in % 50.2 53.1 509 554 46.0 0.23
Share of females, in % 448 490 487 469 475 0.40
Age, in years 476 448 476 459 434 0.29

b) Baseline Aggregate Consumption Beliefs (n=466)
Yearly consumption (belief), in kWh 3,643 3,650 3,616 3,496 3,727 0.81
Yearly consumption (actual), in kWh 3,524 3,551 3,497 3,467 3,589 0.97

c) Wattage Ranking Task (n=598)
At least one mistake (0=no, 1=yes) 050 062 0.60 058 056 0.48
Share of mistakes in all comparisons 0.11  0.12 011 0.11 0.2 0.90

Number of households 140 136 143 143 138  Y=700

Notes: P-values are from F-tests of mean equality in all experimental conditions (clustered at the household level).
Variables are measured at the household level, except for employed, share of females, and age, which we measure
at the household member level. The wattage ranking task refers to a task in the baseline survey that asked re-
spondents to assess the wattage of a typical laptop, dish-washer, tumble dryer, and fan-heater, relative to a 100 W
lightbulb on a five point Likert scale (“much lower”, “lower”, “about the same”, “higher”, “much higher”). “Share
of mistakes in all comparisons” gives the total number of mistakes, divided by the number of all binary compar-
isons implied by that task. Aggregate consumption beliefs are elicited in the same survey. We drop observations
beyond the 95 percentile of the belief distribution as well as those with extreme relative errors (below the 2.5 and

above the 97.5 percentile).
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Table A2: Comparison of Experimental Sample with German Population

Experimental sample German population

Baseline cons., in kWh/day 104 8.6
# of occupants 2.6 2.0
# of refrigeration appliances 2.3 2.4
Net income, in EUR per month 3,103 3,314
Own property, in % 75.3 44.0
Employed, in % 51.2 57.8
Share of females, in % 47 4 50.7
Age, in years 45.8 44.3
Years of schooling 11.0 10.5
Baseline cons., in kWh/day (1 person household) 6.0 5.5
Baseline cons., in kWh/day (2 person household) 9.9 8.8
Baseline cons., in kWh/day (3+ person household) 115 13.3
1 person household, in % 11.3 41.8
2 person household, in % 48.3 33.5
3+ person household, in % 40.4 24.7

Notes: German averages are taken from the following German Statistical Office publications (for the year
2017): Populalation Statistics (Mikrozensus); Environmental-Economic Accounting; Income, Receipts, and
Expenditures; Consumption Expenditures. The average electricity consumption is for the baseline year 2016
(https://www.destatis.de/DE/Themen/Gesellschaft-Unwelt/Unwelt/Materialfluesse-Energiefluesse/
Tabellen/stromverbrauch-haushalte.html, last access: March 9, 2020).
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Table A3: Descriptives: Appliance Possessions and House Characteristics

Al A TI T2 T3 T4 |Pvalue N

Appliance Possession

# of cooling appliances 227 223 224 227 227 233 0.82 700
# of dish washers 092 091 091 095 093 091 0.87 700
# of washing machines 1.02 1.00 1.04 1.00 1.01 1.04| 0.61 700
# of tumble dryers 072 074 071 069 0.69 077 | 068 700
# of ovens 098 098 099 098 099 098 | 076 700
# of hobs 099 099 099 098 099 099 | 084 700
HH lives in detached house (1: yes, 0: no) 045 046 042 048 043 044 0.83 700
HH lives in semi-detached house (1: yes, 0: no) | 0.14 0.13 0.16 0.10 0.16 0.16 | 037 700
HH lives in an apartment (1: yes, 0: no) 024 022 026 023 024 023 | 094 700
# of bedrooms 3.03 3.06 3.01 3.00 3.00 3.08| 088 686
Water heating via gas (1: yes, 0: no) 0.62 059 063 064 060 064| 083 700
Space heating via gas (1: yes, 0: no) 058 053 068 057 055 057 0.07 700

Notes: P-values are from F-tests of mean equality in all experimental conditions: A, Ty, Tp, T3, T4
(heteroscedasticity-robust standard errors).
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Table A4: Benchmarks for the Calculation of Efficiency Scores

1 person 2persons 3persons 4 persons 5 persons

Always on 0.0 0.0 0.0 0.0 0.0
90.7 125.7 158.7 174.1 190.5
Refrigeration (1 appliance) 4.8 4.8 5.7 59 6.3
39.9 443 49.3 54.2 59.6
Refrigeration (2 appliances) 8.3 11.5 11.5 12.4 12.5
66.5 73.9 82.1 90.3 99.3
Refrigeration (3+ appliances) 8.3 11.5 11.5 12.4 12.5
94.1 103.1 1121 121.6 132.0
Washing machine 1.2 1.8 2.3 2.8 34
14.0 239 36.4 43.6 44.6
Dishwasher 0.0 0.0 0.0 0.0 0.0
17.7 27.7 34.0 43.6 54.6
Dryer 0.0 0.0 0.0 0.0 0.0
319 62.7 68.8 70.5 72.2
Oven 0.0 0.0 0.0 0.0 0.0
6.3 12.6 19.0 25.3 31.6

Notes: The benchmarks were calculated taking the technical energy efficiencies of appliances on the market into
account (energy efficient — energy inefficient), as well as typical usage behaviours (rare user — heavy user). The
main sources for technical efficiency are product data sheets for efficient appliances from EcoTopTen, an online
platform for energy efficient products (URL: https://www.ecotopten.de/), as well as product data sheets of in-
efficient appliances from product tests by Stiftung Warentest, a renowned German consumer organisation (URL:
www . test.de). In addition, we use information on typical usage behaviours from surveys such as the German Resi-
dential Energy Consumption Survey (RWI-GRECS, URL: http://www.rwi-essen.de/forschung-und-beratung/
fdz-ruhr/datenangebot/mikrodaten/rwi-grecs). For the category Always-On, we calculate the upper bench-
mark based on the stand-by electricity use for a range of appliances, including TVs, hifi systems, PCs, routers, tele-
fones, coffee machines, washing machines, and microwaves (using energy inefficient appliance varieties). These
calculations take typical appliance possessions by household size into account. We set the lower benchmark to
zero, assuming that always-on consumption can be avoided. For the category Refrigeration, we calculate bench-
marks based on the number of appliances (1, 2, and more than 2). For each of them, we consider the most energy
efficient and inefficient appliances available on the market, whose cooling volume is as recommended for the re-
spective household size. For the categories Washing machine, we use data on the energy consumption per use for
energy efficient and inefficient appliances and consider the typical frequency of use for heavy users and rare users
(for every household size). We proceed in the same manner for the categories Dish washer, Dryer, and Oven, but
assume that the lower benchmark is zero as households can substitute these energy services with hand-washing,
dry-hanging and eating-out, for example. Details on the calculations can be obtained from the authors upon re-
quest.
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Table A5: Distribution of Daily Use, in kWh/day

Mean Std.dev. Min Max pl p25 p50 p75 p99 N
Total electricity 10.16 5.36 0.00 100.07 1.72 656 9.27 1275 27.03 106,283

Always on 247 1.97 0.00 4749 0.14 110 201 330 933 93,187
Refrigeration 1.02 0.66 0.00 1112 0.07 0.63 088 124 329 93,185
Dishwasher 0.30 0.63 0.00 1415 0.00 0.00 0.00 0.00 264 84,511
Washing mach. 0.49 1.11 0.00 4030 0.00 0.00 0.00 0.60 5.08 91,473
Dryer 0.14 0.59 0.00 36.06 0.00 0.00 0.00 0.00 288 65,852
Oven 0.24 0.81 0.00 2057 0.00 0.00 0.00 0.00 386 93,187

Other appliances  5.56 3.89 0.00 56,58 0.00 301 474 715 19.07 93,187

Notes: pl denotes the first percentile, p25 the 25th percentile, etc. N denotes the number of daily appliance-level
observations.

Table Aé6: Distribution of Use per Utilization, in kWh

Mean Std.dev. Min Max pl p25 p50 p75 p99 N

Always-On 2.47 1.97 0.000 47.49 013 110 201 330 9.32 93,664
Refrigeration 1.02 0.66 0.000 11.12 0.07 063 088 124 3.29 93,659
Dishwasher 1.08 0.42 0.002 1098 034 079 1.04 132 237 23,643
Washing mach.  1.00 0.75 0.001 1854 0.05 053 0.81 127 3.65 45,270
Dryer 1.02 1.02 0.004 3846 0.03 038 0.74 137 451 8979
Oven 0.80 1.11 0.001 20.09 0.01 0.19 047 095 555 28,362

Notes: In the categories Always-On and Refrigeration, the unit of utilization is one day. For all other appliances,
average use is given per utilization event. p1 denotes the first percentile, p25 the 25th percentile, etc. N denotes the
number of appliance-use events.
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Table A7: Beliefs vs. Actual Baseline Consumption (at the Household-Level)

(@ Mean Annual Baseline Consumption, Beliefs vs. Actual

Belief (in kWh) ‘ Actual (in kWh) Mean Diff. (in kWh) Std. Err. P-value n

Pooled 3,627.6 3,5639.4 -88.29 (27.74) 0.002 497
A 3,611.6 3,491.5 -120.06 (60.51) 0.048 92
T 3,675.8 3,614.0 -61.80 (63.01) 0.327 100
T 3,642.4 3,561.0 -81.34 (75.86) 0.284 99
T3 3,531.8 3,483.0 -48.77 (44.84) 0.277 106
Ty 3,681.3 3,547.1 -134.30 (64.29) 0.037 100

(b) Alignment Between Beliefs and Actual Baseline Consumption

1) )
Estimate Std. Err. Estimate Std. Err.

Y?: Baseline elec. use ~ 0.928*** (0.026)  0.948*** (0.058)

D: Ti-T, 48.891  (205.672)
D x Yb -0.024 (0.065)
Constant 342.923** (82.470) 300.114  (184.225)
R? 0.7878 0.7879

Number of obs. 497 497

Notes for both Panels: Beliefs about the electricity consumption in the baseline period were elicited in a survey that
we conducted prior to the field experiment. Actual baseline consumptions were obtained from billing data. ***, ** *
denote statistical significance at the 1%, 5%, 10% level, respectively. Robust standard errors are in parentheses. A
equals 1 for households in the Aggregate Feedback (A) group. D equals one for households in the groups T; — Tj.
We drop outliers, defined as all observations above the 95 percentile of the actual baseline consumption, as well as
below the 2.5 or above the 97.5 percentile of the consumption belief, divided by the actual consumption.

Notes for Panel b): ITn Column 1), we pool all experimental groups and estimate the model: Y?Peief = o 4 BY? +
¢, where Y0telief and Y denotes the belief and the actual consumption of household i in the baseline period,
respectively (and € denotes an error term). In Column (2), we interact [SYh with the disaggregation dummy D that
equals one for the groups T;-Ty: Ybtelef — x4+ BY? 44D - Yb + ¢, The estimate B gives the average change in
beliefs as the actual consumption increases by one unit (for the EC group). The estimate 4 gives the the change of
this slope for the households in the treatment groups T1-Tj (relative to the EC group).
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Table A8: Balance Experimental Sample (Group A) vs. Matched Non-Experimental Sample

Difference A-MC Std. Err. P-val. N

Baseline elec. cons., in kWh/day 0.23 0.27 0.40 280
End of baseline billing, in days —10.04 11.58 0.39 280
Start of baseline billing, in days —33.75 13.28 0.01 280

Notes: ***, ** * denote statistical significance at the 1%, 5%, 10% level, respectively. Standard errors in parentheses,

clustered at the household level.



(@ Experimental Sample

Table A9: Heterogeneity in ATE, by Baseline Consumption

(b) Sample Including Matched Control

Estimate  Std. Err. Estimate  Std. Err.
D: Disaggregation —0.051***  (0.017) D: Disaggregation —0.047***  (0.015)
D x Ybdm —0.066  (0.052) D x Ybdm —0.134**  (0.044)
Ybam: Baseline elec. use (demeaned) — 0.939**  (0.045)  Ybam 1.007***  (0.035)
A: Exp. Control 0.008 (0.021)
A x Ybdm —0.068  (0.058)
Day fixed effects 4 Day fixed effects 4
Month-of-baseline FE v Month-of-baseline FE v
R? 0.5480 R? 0.5634
Number of obs. 106,283 Number of obs. 127,790
Number of households 700 Number of households 840

Notes: ***,*** denote statistical significance at the 1%, 5%, 10% level, respectively. Standard errors are in parenthe-
ses and clustered at the household and the household-match level for Panel a) and b), respectively. The outcome
variable is daily electricity consumption, divided by the mean in the Aggregate Feedback (A) group. Baseline elec-

tricity use Y?4" is demeaned.
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Table A10: ATEs on Daily Electricity Consumption, Relative to Aggregate Feedback (A) group
(Balanced Panel)

(@ Effect of Experimental Conditions () Effects of App Elements
1) (2 3 4 5)
D: T, — Ty -0.064*** D: Disaggregation -0.064***  -0.068*** -0.064***
(0.019) (0.019) (0.021) (0.022)
T -0.065***  M: Monetary incentives 0.025 0.015
(0.023) (0.015) (0.017)
T -0.048** R: Ranking -0.016 -0.026
(0.022) (0.015) (0.020)
T3 -0.087***  M: Monet. inc. X R: Rank. 0.021
(0.024) (0.030)
Ty -0.056**
(0.027)
Y?: Baseline elec. use 0.878***  (.879*** Y?: Baseline elec. use 0.878***  (0.880***  (.879***
(0.028) (0.028) (0.028) (0.028) (0.028)
Day fixed effects (FE) v v Day fixed effects (FE) v v v
Month-of-baseline FE v v Month-of-baseline FE v v v
R? 0.5373 0.5380 R? 0.5373 0.5379 0.5380
Number of obs. 79,562 79,562 Number of obs. 79,562 79,562 79,562
Number of households 460 460 Number of households 460 460 460

Notes: ***, *** denote statistical significance at the 1%, 5%, 10% level, respectively. The regressions are based
on a balanced panel for the core study period (months 1-6). Standard errors are in parantheses and clustered at
the household-match level. The outcome variable is daily electricity consumption, divided by the mean in the
Aggregate Feedback (A) group. D equals one for households in the groups Ty — Ty, M equals one for households
in the groups T, and Ty, and R equals one for households in the groups Tz and Ty, while being zero for the other
participants, respectively.
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Table A11: ATEs on Daily Electricity Consumption, Relative to Matched Control (MC) group

(@ Effect of Experimental Conditions o) Effects of App Elements
(1) ) ®3) 4) ®)
A: -0.009 -0.009 AF: Aggregate feedback -0.009 -0.009 -0.009
0.022)  (0.022) (0.022)  (0.022)  (0.022)
D:Th—T, -0.055*** D: Disaggregation -0.047***  -0.049***  -0.045**
(0.016) (0.016) (0.018) (0.018)
Ty -0.053***  M: Monetary incentives 0.016 0.005
(0.019) (0.013) (0.016)
T -0.049** R: Ranking -0.010 -0.021
(0.020) (0.013) (0.018)
T3 -0.073***  M: Monet. inc. X R: Rank. 0.023
(0.021) (0.027)
Ty -0.047**
(0.021)
Y?: Baseline elec. use 0.910***  0.910*** Y?: Baseline elec. use 0.910***  0.910***  0.910***
(0.020) (0.020) (0.020) (0.020) (0.020)
Day fixed effects v v Day fixed effects v v v
Month-of-baseline FE v v Month-of-baseline FE v v v
R? 0.5687 0.5689 R? 0.5687 0.5689 0.5690
Number of obs. 127,790 127,790 Number of obs. 127,790 127,790 127,790
Number of households 840 840 Number of households 840 840 840

Notes: ***, *** denote statistical significance at the 1%, 5%, 10% level, respectively. These regressions include
observations from our Matched Control (MC) group, as described in Section A4. Standard errors are in parentheses
and clustered at the household-match level. The outcome variable is daily electricity consumption, divided by the
mean in the Aggregate Feedback (A) group. A equals one for the households in the groups A and T; — Ty, while
being zero for households in MC. D equals one for households in the groups T1 — Ty, M equals one for households
in the groups T, and Ty, and R equals one for households in the groups Tz and Ty, while being zero for the other
participants, respectively.
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Table A12: ATE on Daily Electricity Consumption (After the Core Study Period), Only Main

Effects
(a) Experimental Sample (b) Experimental and Matched Control Samples
1) @ ©) 4)
Full Sample Balanced Panel Full Sample Balanced Panel
A: Aggregate Feedback -0.036 -0.026
(0.026) (0.035)
D: Disaggregation -0.014 -0.033 D: Disaggregation -0.047** -0.027
(0.017) (0.022) (0.022) (0.023)
Y?: Baseline elec. use 0.747*** 0.732%** Y?: Baseline elec. use 0.781*** 0.760***
(0.025) (0.034) (0.024) (0.032)
Day fixed effects v v Day fixed effects v v
Month-of-baseline FE v 4 Month-of-baseline FE v v
R? 0.4978 0.4909 R? 0.5112 0.5004
Number of obs. 54,603 29,330 Number of obs. 66,084 35,765
Number of households 586 321 Number of households 708 391

Notes: ***,*** denote statistical significance at the 1%, 5%, 10% level, respectively. Standard errors are in parenthe-
ses and clustered at the household level in Columns (1) and (2), and at the household-match level for Columns (3)
and (4). The outcome variable is daily electricity consumption, divided by the mean in the Aggregate Feedback (A)
group. D equals one for households in the groups T; — Ty, while being zero for other participants.
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Table A13: Difference in ATEs During and After the Core Study Period

1) )

Experimental Sample Experimental and
Matched Control Samples
1(After Core Study Period) -0.052% -0.008
(0.031) (0.034)
A : Aggregated Feeback (A) -0.010
(0.032)
A : Aggregated Feeback x 1(After Core Study Period) -0.025
(0.033)
D: Disaggregation -0.063** -0.060**
(0.025) (0.026)
D: Disaggregation x 1(After Core Study Period) 0.038 0.038
(0.023) (0.023)
Y?: Baseline elec. use 0.840*** 0.866***
(0.032) (0.028)
R? 0.5280 0.5450
Number of obs. 84,891 103,411
Number of participants 321 391

Notes: ***, *** denote statistical significance at the 1%, 5%, 10% level, respectively. Standard errors are in paren-
theses and clustered at the household and at the household-match level for Columns (1) and (2), respectively. The
outcome variable is daily electricity consumption, divided by the mean in the Aggregate Feedback (A) group. 1(Af-
ter Core Study Period) is a dummy variable that equals one when an observation occurs from month 7 onwards,
while being zero otherwise. D equals one for households in the groups T; — T4, while being zero for other partici-
pants.
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Table A14: Difference in ATEs, by Subgroups

1) 2)

D: Disaggregation -0.040  -0.019

(0.028)  (0.028)
1(Two Occupant) 0.071**

(0.030)
1(Three+ Occupants) 0.128***

(0.036)
1(Own Property) 0.056*

(0.029)

D: Disaggregation x 1(Two Occupant) 0.003

(0.035)
D: Disaggregation x 1(Three+ Occupants)  -0.035

(0.039)
D: Disaggregation x 1(Own Property) -0.040

(0.034)

Y?: Baseline elec. use 0.864***  0.888***

(0.024)  (0.024)
R? 0.5614  0.5598
Number of obs. 106,283 105,846
Number of participants 700 696

Notes: ***, *** denote statistical significance at the 1%, 5%, 10% level, respectively. Standard errors are in paren-
theses and clustered at the household level. The outcome variable is daily electricity consumption, divided by the
mean in the Aggregate Feedback (A) group. 1(Two Occupants) is a dummy variable that equals one when a house-
hold consists of two occupants, while 1(Three+ Occupants) is one for households with at least three occupants.
1(Own Property) equals one if a household lives in his own property. D equals one for households in the groups
T — T4, while being zero for other participants.
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Table A1l6: Effect Heterogeneity and Appliance-Level Beliefs
(a) Effect Heterogeneity by Wattage Ranking Task Results

ey 2 (©)

Estimate Std. err. Estimate Std. err. Estimate Std. err.
1(At least one mistake) 0.028 (0.021) 0.031 (0.022)
1(No wattage ranking) 0.169**  (0.068)
D x 1(No mistake) —0.014  (0.019) —0.010  (0.020)
D x 1(At least one mistake) —0.043** (0.018) —0.043**  (0.018)
D x 1(No wattage ranking) —0.155**  (0.069)
D: Disaggregation —0.012  (0.017)
Share of mistakes 0.125% (0.067)
D x Share of mistakes —0.156*  (0.085)
Y?: Baseline elec. use 0.888***  (0.024) 0.893***  (0.022) 0.889***  (0.024)
Day fixed effects (FE) v v v v v v
Month-of-baseline FE v v v v v v
R? 0.5613 0.5613 0.5615
Number of obs. 91,638 106,283 91,638
Number of participants 598 700 598

(b) Appliance-Level Rank Differences between Beliefs and Measured Uses

1 ) ®3) 4 ®) (6)
Mean rank diff. (B) Mean rank diff. (E) | Change (E—B) Std. err. P-value N

A 1.81 1.79 —0.02 0.07 0.757 66
D: T1—T4 1.76 1.56 -0.19 0.04 0.000 296
T, 1.75 1.57 —0.18 0.10 0.077 61
T, 1.75 1.42 —-0.32 0.08 0.000 62
T3 1.69 1.47 —-0.22 0.10 0.031 54
Ty 1.79 1.54 —0.26 0.09 0.009 53

Notes: ***,*** denote statistical significance at the 1%, 5%, 10% level, respectively. Standard errors are in parenthe-
ses and clustered at the household level. “1(At least one mistake)” and “1(No wattage ranking)” denote dummy
variables that equal one if a household made at least one mistake in the wattage ranking task or did not take part
in that task, respectively. “Mean rank diff.” denotes the mean of the absolute rank differences between the rank
of appliance consumptions (measured during the study period) and the rank of electricity consumption beliefs,
which we elicited for every appliance category before (baseline, B) and during the study period (endline, E).
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Table A17: Appliance-Level Elasticity Estimates

1 2 ®3) 4 ®) (6) @)
Always-On Refrigeration Dish-Washer Washing  Dryer Oven Other appl.
Inp -0.310 -0.400* -0.401 -0.552  -3.423***  -1.067 -0.289
(0.355) (0.226) (0.722) (0.418) (1.233) (1.024) (0.252)
# of occupants =2 0.113 0.129*** 0.872*** 0.843*** -0.012 0.694*** 0.278***
(0.069) (0.043) (0.192) (0.129) (0.359) (0.200) (0.055)
# of occupants = 3 0.038 0.116** 1.099%** 0.937*** 0.104 0.970*** 0.301***
(0.084) (0.052) (0.201) (0.140) (0.396) (0.229) (0.058)
# of occupants = 4 0.126 0.098* 1.178*** 1.019*** 0.135 1.104*** 0.3271***
(0.087) (0.058) (0.227) (0.144) (0.406) (0.245) (0.062)
# of occupants =5 -0.071 0.212%** 1.460*** 0.692*** 0.508 0.947*** 0.264***
(0.106) (0.074) (0.287) (0.191) (0.422) (0.325) (0.081)
Hh. net income 0.048*** -0.017* -0.001 0.026 -0.026 -0.042 -0.001
(0.013) (0.009) (0.035) (0.021) (0.052) (0.037) (0.008)
1(Hh. net income missing) 0.208** -0.100 -0.038 0.126 -0.419 -0.032 0.031
(0.091) (0.064) (0.241) (0.140) (0.363) (0.252) (0.061)
Y?: Baseline elec. use 0.106*** 0.030*** 0.049*** 0.059***  0.044***  0.072*** 0.082***
(0.006) (0.004) (0.011) (0.009) (0.014) (0.013) (0.005)
Constant -1.230** -0.986*** -3.728*** -3.338***  -7.236%**  -4.725%** 0.058
(0.507) (0.326) (1.066) (0.616) (1.879) (1.504) (0.356)
R? 0.489 0.169 0.154 0.288 0.092 0.151 0.635
Number of participants 700 700 610 677 259 527 700

Notes: ***, ** * denote statistical significance at the 1%, 5%, 10% level, respectively. The outcome variable is the av-
erage daily electricity consumption in the study period (in logs). The regressors are net income, baseline electricity
use, as well as a set of dummy variables for the number of occupants and missings for the variable net income.
Heteroscedasticity robust standard errors in parentheses.
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