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A B S T R A C T

We conduct two large-scale randomized controlled trials to produce the first evidence that Home Energy
Report-type norm feedback letters can be used to reduce household waste. We explore several feedback
variants, including a novel short-run dynamic norm that emphasizes ongoing changes in waste behavior. Waste
reductions are on the order of 7%–12% for all treatments, substantially larger than usually found in the energy
or water domains. Effects are mostly driven by increased recycling of packaging and remain largely intact a
year after the intervention ended. Feedback is highly cost-effective compared to alternative non-price waste
policies. However, net social benefits depend on household preferences for receiving feedback, which we elicit
in a valuation survey, and whether existing waste fees internalize the marginal social cost of waste.
1. Introduction

Large-scale interventions promoting household resource conserva-
tion through norm-based feedback have become a mainstay of applied
behavioral economics over the past decade.1 The most well-known
example of such a norm-based intervention is the ‘‘Home Energy Re-
port’’ (HER) developed by Opower and mailed to households across
the United States (see e.g., Allcott, 2011; Ayres et al., 2012; Costa and
Kahn, 2013). HERs present household-specific feedback on energy use
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1 The rapidly growing literature, starting from Schultz et al. (2007), now includes a large number of studies evaluating specific designs (Allcott, 2011; Ayres
et al., 2012; Costa and Kahn, 2013; Ferraro and Price, 2013; Dolan and Metcalfe, 2015; Jaime Torres and Carlsson, 2018; Holladay et al., 2019; Brülisauer et al.,
2020), as well as longer-run effects (Ferraro et al., 2011; Allcott and Rogers, 2014; Bernedo et al., 2014), welfare implications (Allcott and Kessler, 2019), and
psychological mechanisms (Alberts et al., 2016; Byrne et al., 2018).

compared to a set of similar neighbors, and includes both injunctive
(‘‘ought’’) and descriptive (‘‘is’’) norm components.

Effects from norm feedback interventions appear to systematically
differ in size across contexts and domains. Feedback on water use
typically drives reductions of up to about 5% in participating house-
holds (Ferraro and Price, 2013; Bernedo et al., 2014; Brick et al.,
2017; Jaime Torres and Carlsson, 2018; Jessoe et al., 2021; Goetz
et al., 2022). Effect sizes for electricity use are generally smaller: in
an analysis of over 100 different large-scale HER experiments in the
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047-2727/© 2024 The Author(s). Published by Elsevier B.V. This is an open access a

https://doi.org/10.1016/j.jpubeco.2024.105191
Received 26 August 2022; Received in revised form 1 May 2024; Accepted 15 July
rticle under the CC BY license (http://creativecommons.org/licenses/by/4.0/).

2024

https://www.elsevier.com/locate/jpube
https://www.elsevier.com/locate/jpube
mailto:claes.ek@economics.gu.se
https://doi.org/10.1016/j.jpubeco.2024.105191
https://doi.org/10.1016/j.jpubeco.2024.105191
http://crossmark.crossref.org/dialog/?doi=10.1016/j.jpubeco.2024.105191&domain=pdf
http://creativecommons.org/licenses/by/4.0/


Journal of Public Economics 238 (2024) 105191C. Ek and M. Söderberg

a
f
t

o
s
c
E
t
H
a
c
s
i
s
r
c
o
b
c
2
s
H

s
c
t
d
s
t
A
t
a
w
6
i
s

h
i
h
m
t

o
t
u
c
a
e
t
o

d
e

i
m

s
o
s

s
c
a
M
a
U
C
s
e
e

US, Allcott (2015) finds an average reduction of 1.31%, with a standard
deviation of 0.45 percentage points. Given the documented range of
effects, there has recently been some debate on the value and cost-
effectiveness of feedback interventions in different settings.2 Our paper
dds to that discussion by providing the first evidence on HER-type
eedback on household waste.3 To our knowledge, no other study has
ested the large-scale impact of such interventions in this domain.

In the literature on HER, it seems plausible that the range of
bserved effect sizes reflect differences in the cost of reducing usage. If
o, there is good reason to expect larger effects from feedback on waste
ompared to electricity and water use. According the 2015 Residential
nergy Consumption Survey of the Energy Information Administra-
ion,4 the bulk of home electricity use in the US (the setting for most
ER studies to date) is for air conditioning, refrigerators, and space
nd water heating, with only about 10% due to lighting. Making deep
uts in usage would thus involve either high-effort behavior change
uch as turning down the heat in winter, or costly physical capital
nvestments (Allcott and Rogers, 2014). A similar, but less stark pattern
eems likely to hold for water use (Bernedo et al., 2014). By contrast,
ecycling allows households to reduce residual waste without forgoing
onsumption utility. Recycling also normally requires little in the way
f physical capital investment beyond buying a set of in-home waste
ins. Unlike for electricity or water, this physical capital is largely a
omplement rather than a substitute for effort (Vollaard and van Soest,
024), but even so, the marginal effort of increasingly diligent recycling
eems less steep compared to reductions in other domains.5 Effects of
ER-style feedback may thus prove particularly large for waste.

Reducing waste is a policy priority in the EU and around the world
ince waste disposal, and particularly landfilling, contributes to climate
hange by causing emissions of various greenhouse gases; according
o Eurostat, about 3% of total EU-wide greenhouse-gas emissions are
ue to waste. Waste also poses risks to human health and ecosystem
ervices, e.g., through leaking landfills and plastic pollution. In addi-
ion, recycling reduces the need for virgin materials. The UN 2030
genda for Sustainable Development thus includes targets to ‘‘substan-

ially reduce waste generation through prevention, reduction, recycling
nd reuse’’ (Goal 12.5). The EU has also adopted far-reaching targets
ithin the Waste Framework Directive; the main long-term goal is for
5% of household waste to be recycled by 2035. The latest report on
mplementation (European Commission, 2018) found that 14 member
tates were at risk of missing these targets.

We run two separate experiments, involving a total of some 20,000
ouseholds, in a pair of municipalities in western Sweden. Randomiz-
ng treatment across nearly all single-family homes, we send treated
ouseholds repeated and accurate feedback over a period of eight
onths. The feedback, typically presented in a HER-style format, is on

he amount of residual waste (in kg/person) that households generate

2 In particular, Andor et al. (2020) has argued that the relative success
f HER in the US may be limited to that setting. Allcott (2011) estimates
hat, for effect sizes of about 1%–3%, the Opower HERs are cost-effective per
nit of carbon emissions compared to other energy conservation policies. By
ontrast, Andor et al. (2020) replicate the HER design in Germany and observe

substantially smaller treatment effect of 0.7%. Since baseline per-capita
lectricity consumption is higher in the US than in other OECD countries,
he authors conclude that norm-based feedback is unlikely to be cost-effective
utside of the United States.

3 Psychology studies that examine non-HER norm interventions in the waste
omain include Schultz (1999), Dupré and Meineri (2016), and Bruchmann
t al. (2021).

4 eia.gov/consumption/residential/index.php.
5 Also, exceptions involving substitutability with effort do exist and tend to

nvolve actions to prevent waste, e.g., by placing a ‘‘no ads’’ sticker on one’s
ailbox.
2

H

compared to their neighbors.6 We focus on residual waste to allow
households to react not only by recycling more, but also through
waste prevention, e.g., buying fewer packaging-intensive products. We
also test a novel design that stresses short-run waste reduction in a
household’s comparison group. This is inspired by recent evidence
in Sparkman and Walton (2017) and Mortensen et al. (2019) that
‘‘dynamic’’ or ‘‘trending’’ norms are more effective at changing be-
havior. For example, compared with snapshot information stressing
cross-sectional variation, ongoing changes may send a stronger signal
that behavioral costs and benefits are shifting in the population as a
whole, increasing the chance that recipients update their view of the
proper course of action.

In both experiments, high-precision average treatment effect (ATE)
estimates show that the residual-waste weights of treated addresses
drop after receiving the first letter. Effects of the short-run dynamic
treatment are statistically indistinguishable from the standard HER
design. Notably, reductions are consistently about 7%–12%, depend-
ing on the exact regression specification. Thus, our two experiments
provide independent data points suggesting considerably larger effects
than in previous studies of norm-based feedback. The reductions are
about 50%–75% the size of that in Vollaard and van Soest (2024),
who study a Dutch crackdown on incorrect sorting involving strong
measures like fines and salient bin inspections. Also, our data extend
a full year beyond the end of the intervention period, allowing us to
examine longer-run effects as well; these turn out to be very persistent,
remaining largely intact at the end of the additional year. Thus, our re-
sults show that norm-based interventions may be deployed as effective
non-price instruments to reduce unsorted waste, and that effects from
feedback do indeed vary strongly across resource domains.

In principle, the effect we observe may be driven by any com-
bination of waste prevention, increased recycling, and illicit disposal
(dumping). We examine mechanisms through a unique combination of
evidence, involving (i) official records on local dumping incidents, (ii)
municipal data on collected food waste, (iii) an endline survey, and (iv)
a major waste-composition analysis of about 1000 kg of residual waste
collected separately from treated and control households. We find no
indication that treatment increases illicit disposal; instead, the main
mechanisms appear to be increased recycling of packaging and (to a
lesser extent) food waste.

The municipalities in our setting have pre-existing systems for unit-
based pricing (UBP) of waste (weight-based fees). Indeed, our particular
design is tailored to such pricing schemes: we partner with public
utilities that routinely weigh each bin during collection, and feedback
letters are constructed from the resulting weight data. As a result, our
study also relates to the ongoing examination of marginal-cost pricing
of waste, also known as ‘‘pay-as-you-throw’’.7 As in the case of energy
or water, utilities may be reluctant to raise marginal costs further,

6 Throughout this paper, the term residual waste is used for the unsorted
tream of household waste, which is typically incinerated in Sweden and many
ther OECD countries. Similarly, what we term food waste is the biodegradable
tream, which differs from wasted food in that not all food waste is avoidable.

7 Early studies of UBP have attempted to identify the causal effect of
uch schemes on waste generation and recycling by making before-after
omparisons (Fullerton and Kinnaman, 1996), exploiting cross-sectional vari-
tion (Kinnaman and Fullerton, 2000), or both (Dijkgraaf and Gradus, 2009).
ore recently, several studies have used a regression difference-in-differences

pproach with unit (e.g., municipality) fixed effects (Allers and Hoeben, 2010;
sui and Takeuchi, 2014; Bucciol et al., 2015; Dijkgraaf and Gradus, 2017;
arattini et al., 2018). Bueno and Valente (2019) uses a synthetic-control
trategy that appears to better model unobserved heterogeneity than fixed-
ffects approaches do. Some studies have also used IV approaches to control for
ndogenous policy (Kinnaman and Fullerton, 2000; Allers and Hoeben, 2010;
uang et al., 2011).

http://eia.gov/consumption/residential/index.php
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e.g. because of acceptance concerns.8 Non-price policies, by contrast,
ay prove more readily implementable. Conversely, the fact that there

s unique potential to add norm-based interventions on top of pay-as-
ou-throw schemes implies that UBP may hold greater promise than
ecognized. We estimate that unit-based fees need to increase by 32%–
7% to produce effects of similar size to our main ATEs. Thus, norm
eedback appears highly effective compared with economic incentives.
eedback is also very cost-effective compared to other non-price waste
olicies such as curbside collection of packaging.

Finally, we conduct a complete analysis of the net social benefits
f our treatments. A key component of that analysis is households’
illingness to pay (WTP) to (not) receive feedback, which we elicit

n a separate, incentive compatible survey module sent out in late
023, four years after our original experiments. Thus, we also con-
ribute to the small empirical literature on the ‘‘welfare cost of nudg-
ng’’ (Damgaard and Gravert, 2018; Allcott and Kessler, 2019; Butera
t al., 2022). Given these WTP measures, results on net social benefits
re mixed: in one of the two municipalities, household mean WTP is
egative, and moreover existing unit-based fees already largely account
or the marginal social costs of waste disposal, so overall net benefits
re negative. By contrast, mean WTP is positive and marginal fees
re lower in the other municipality, implying generally positive net
ocial benefits of up to e12 per household. In a novel but somewhat
peculative exercise, we also use a separate estimate of household effort
o isolate the utility purely from receiving feedback, e.g., due to shame
r pride: this varies by treatment, ranging from slightly negative to
learly positive. Thus, there appear to be no large ‘‘hidden costs of
udging’’ in our experiments. Overall, feedback nudges stand out as
fficient second-best policy where pre-existing marginal incentives do
ot fully reflect marginal social costs.

The remainder of this paper is organized as follows. In Section 2,
e provide some brief institutional background on waste management

n Sweden. Section 3 outlines our experimental design, while Section 4
escribes our empirical strategy as well as some important features of
he data. Section 5 presents main results. Section 6 moves on to various
xtensions, providing robustness tests and analyzing mechanisms (illicit
isposal, prevention, recycling), treatment-effect heterogeneity, and
onger-run effects. Section 7 evaluates the costs, benefits, and cost-
ffectiveness of norm feedback on household waste. Finally, Section 8
oncludes the paper.

. Waste management in Sweden

Swedish national targets for waste management largely derive from
U objectives, with the 2018 revision of the EU Waste Framework
irective requiring each members state to recycle 55% of municipal
aste by 2025. Additional targets construct a trajectory where recy-

ling targets increase by five percentage points every five years, up
o 65% in 2035. The overall Swedish recycling rate stood at 38.3%
n 2020. While some of the target gap is unrelated to waste from
ouseholds (European Environment Agency, 2022), additional policies
re likely to be needed to attain future targets. There are also more
pecific Swedish targets for packaging, paper, and food-waste recycling,

8 Additionally, there is some worry that higher fees will lead to waste
umping (Fullerton and Kinnaman, 1996; Heller and Vatn, 2017) or leakage
o unregulated areas (Bucciol et al., 2015), though most empirical evidence
uggests such perverse effects are small to nonexistent (Allers and Hoeben,
010; Carattini et al., 2018; Bueno and Valente, 2019; Erhardt, 2019). Several
uthors have noted that recycling is driven by intrinsic motivation in addition
o material concerns (e.g., Sterner and Bartelings, 1999; Berglund, 2006;
errara and Missios, 2012; Czajkowski et al., 2017). Viscusi et al. (2011)
uestion the importance of social norms for waste behavior, arguing that
rivate values are crucial; in contrast, our results confirm that waste behavior
s strongly driven by norm-related concerns.
3

n

Table 1
Experimental treatments in the two studies.

Municipality Treatment 𝑁 𝐽

Varberg 1. Control: no letters sent 4971 172
2. Standard HER: monthly feedback 4961 172
3. Short-run dynamic: monthly feedback 5003 172

Partille 1. Control: no letters sent 1837 55
2. Monthly : ‘‘Standard HER’’ feedback 1838 55
3. Quarterly : ‘‘Standard HER’’ feedback 1844 55

Notes: Table lists treatment conditions in the two studies. For each treatment, 𝑁 is the
number of addresses included in our main data sets, and 𝐽 is the number of clusters.
Thus, there are 172 (55) blocks in Varberg (Partille).

most of which are currently not being met (Swedish Environmental
Protection Agency, 2023).

Local waste management rests on a dual system. First, collection
and treatment of residual and food waste is left to municipalities,
typically being run by public utilities. Some localities have opted for
curbside collection and/or unit-based pricing to encourage household
recycling; the latter is in use in about 10% of Swedish municipalities.
Second, packaging and paper are subject to extended producer respon-
sibility regulations. Collection from single-family homes (the focus of
our study) occurs mainly through some 5000 designated ‘‘recycling
stations’’ where households may go to drop off packaging and paper
waste. The vast majority of stations are run by a single producer-owned
corporation, FTI.

Our experiments were conducted in Varberg and Partille, two mu-
nicipalities in southwest Sweden. Partille is a suburb of the city of
Gothenburg, while Varberg has a large central town and is otherwise
mostly rural.9 Both have used weight-based waste fees since the 1990s,
and both collect residual and food waste curbside. In both municipal-
ities, waste fees have a fixed as well as a per-unit component. The
marginal-cost component remained constant throughout 2019, the year
of our intervention; in Partille, it equaled approximately e0.17 per kg
in euro terms, for both residual and food waste, while it was about
e0.28 in Varberg. Varberg additionally requires households that do
not source separate food waste to pay a per-unit surcharge, roughly
doubling the per-unit price. In both areas, the variable cost component
is displayed separately on all utility bills received by households.

3. Experimental design

We conduct two separate but parallel studies in the Swedish mu-
nicipalities of Varberg and Partille.10 In each locality, our study sample
includes about 90% of all single-family homes; since household-specific
waste weights cannot be identified in apartment buildings, no such
addresses are part of either study. This leaves us with about 15,000
households in Varberg and 5000 in Partille.

In both areas, households are divided nearly equally into one con-
trol group and two treatments. However, the two treatments differ
across municipalities, as shown in Table 1. All experimental interven-
tions involve letters containing accurate and household-specific norm
feedback on residual waste. These letters, stamped with the relevant
municipal logo, are sent repeatedly to all treatment-group households;

9 Recycling stations are typically within walking distance in urban areas
ut often require car use in rural areas. Among the households in our sample,
he median (99th percentile) geodesic distance to the nearest station is 369
eters (1.19 km) in Partille but 1.66 km (11.60 km) in Varberg. However,
early all rural recycling stations in Varberg are located next to grocery stores,
ports fields or other local points of interest, so rural households (which tend
o need a car in any case) are likely able to combine dropping off recyclables
ith other car trips.
10 Both experiments were pre-registered at the AEA RCT Registry under ID

o. AEARCTR-0003301.
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Fig. 1. Translated example of ‘‘standard HER’’ norm feedback.
households in the control groups receive no letters. Both interventions
took place during March–October 2019, with the first letters received
on 19 March in all groups.

We implement cluster randomization with blocking in both munic-
ipalities. Clusters are geographically contiguous groups of addresses
that are themselves organized into larger blocks (also contiguous) of
exactly three clusters each. Treatment status is randomized across the
three clusters in each block such that treatments are perfectly corre-
lated within cluster and each treatment arm is present in all blocks.
As shown in Table 1, there are 172 blocks in Varberg, and 55 in
Partille. We use cluster randomization to mitigate potential interference
between treatment and control households, which might arise if, for
instance, immediate neighbors discuss the letters. Evidence of such
across-household spillovers is mixed in previous research (Allcott and
Rogers, 2014; Dolan and Metcalfe, 2015; Jaime Torres and Carlsson,
2018). Although randomizing in clusters reduces power to some extent,
we prefer to err on the side of caution, not least since our experi-
ments apply norm feedback in a new domain. Furthermore, the use
of blocking effectively provides stratification by neighborhood, again
increasing estimator precision.11

11 The clusters and blocks themselves were pre-constructed ‘‘by hand’’ using
maps and GIS tools. We explicitly aimed to sort similar housing types into the
same blocks; for more information on our randomization methodology, see
online Appendix B.1. Online Appendix C presents our main power calculation,
4

The Varberg study varies the feedback type used. We attempt to go
beyond standard feedback designs that present cross-sectional house-
hold comparisons and year-long time series (‘‘standard HER’’) to rather
highlight how waste behavior has changed since the last letter was
received (‘‘short-run dynamic’’). In Partille, all households receive stan-
dard HER-type feedback, and we instead vary feedback frequency, with
one treatment group receiving feedback every four weeks (‘‘monthly’’),
and the other receiving feedback every twelve weeks (‘‘quarterly’’).
Households in the monthly condition receive a total of nine feedback
letters between March and October 2019, while households in the
quarterly condition receive three feedback letters.

Fig. 1 provides an example, translated from Swedish, of the ‘‘stan-
dard HER’’ feedback presented to households in Varberg; the full letter
page is given in online Appendix A.1. The setup is very similar to
earlier studies on HERs such as Allcott and Rogers (2014) or Andor
et al. (2020). In monthly conditions, each letter refers specifically to
the preceding four weeks; in the quarterly condition, reference periods
are the past twelve weeks. For each such period, the bar chart in
the upper part of the page displays, top to bottom: (i) the receiving

based on a variant (Ek, 2020) of the recent (Burlig et al., 2020) serial-
correlation-robust procedure, showing that our sample gives at least 80%
power to detect a residual-waste reduction of about 2% (4%) in Varberg
(Partille). The same minimum detectable effects apply in comparisons between
treatments, e.g., between monthly and quarterly feedback.
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Fig. 2. Example of a short-run dynamic norm feedback box.
household’s summed residual-waste weights per person; (ii) average
summed per-person weights within a reference group of roughly 100
households belonging to the same treatment arm; and (iii) average
per-person weights within the subset of ‘‘waste efficient’’ neighbors,
i.e., households in the bottom 20 percentiles of the reference-period
specific weight distribution.12

Following standard practice, we add an injunctive component to
the bar chart, with the aim of counteracting ‘‘boomerang effects’’,
i.e., that efficient households reduce their efforts at the same time that
inefficient households increase them (though Schultz et al., 2007 is
the only study we are aware of that finds such effects). Below the
bar chart, a summary box with three possible outcomes is displayed.
First, if a household’s weight is above the reference-group average,
the assessment ‘‘Room for improvement’’ is displayed, with the other
two outcomes greyed out. For weights below the reference average but
above the efficient average, ‘‘Good’’ is displayed instead, along with one
smiling emoticon. Finally, if the weight falls below even the efficient
average, ‘‘Excellent’’ is displayed along with two smileys.

The lower graph shows the evolution of own-household weights as
well as reference and efficient averages over the past twelve months.
Like the upper chart, this time series is updated with each additional
feedback letter. Finally, at the bottom of the page is a link to a
municipal web page with more information, including some ‘‘frequently
asked questions’’. A translated version of such an FAQ section may be
found in online Appendix A.2. Recipients are also informed that the
FAQ web page includes a service where they may opt out of receiving
letters in the future. Households that do so receive no further feedback
letters during the entire intervention period.13

By the end of the project, 1453 households had opted out in
Varberg, while 186 households had done so in Partille. These figures
amount to 14.6% and 5.1% of treated households, respectively; by
comparison, in studies of HERs, opt-out rates tend to be less than 1%
on average (Allcott, 2015). Some households are likely to view simply
being exposed to the letters as a utility cost (Allcott and Kessler, 2019);
the high opt-out rates we observe suggest the magnitude of such costs
may be domain-specific, i.e., larger than for energy-use feedback. In
any case, households that opted out remain included in our final data
set, and thus their decision not to participate does not bias our results.
However, for privacy reasons, our data do not identify households that

12 Other studies have made the comparison with the 20th percentile instead;
we believe the average is easier to explain. A second difference is that we did
not include information on potential monetary savings.

13 Overall, there are few major differences between the ‘‘standard HER’’
feedback received by households in Partille and Varberg. The most substantial
difference is that, due to municipality concerns regarding public acceptance,
households in Partille do not receive a textual evaluation of the bar chart.
Valenced feedback is reduced to the use of emoticons at the right end of the
bar chart, aligned with the upper (own-household) bar. The number of smileys
shown for any outcome is the same as in Varberg, but we do not display the
set of possible assessments not given to a household.
5

opted out, so we are unable to analyze how, e.g., participating and
non-participating households differ.14

For the short-run dynamic condition, received only by a subset of
households in Varberg, we dropped the time-series graph featured in
the standard HER feedback letter and instead added a prominently
placed text box. This box, shown in Fig. 2 (again, see online Appendix
A.1 for the full letter) reports how waste weights have changed over
the immediately preceding four-week period. For households that have
reduced their weight, the share of neighbors with an even larger
reduction is given. Households that increase their waste weight from
one period to another receive similar feedback, but with the sentence
on neighbor behavior reporting the proportion that have reduced their
waste by any amount. Thus, households are always provided with a
relevant benchmark for comparison.15

Each feedback letter also includes text on the back, with general
information on recycling options in the recipient’s municipality as well
as some specific tips on how to reduce waste (e.g., by planning food
purchases or putting a no-ads sticker on the mailbox). This page did
not change over the course of the experiment, although there was some
variation across the two municipalities. An example back page (for
Varberg) is given in online Appendix A.1.

The final feedback letter, sent in late October 2019, informed house-
holds that no more letters would be sent and included a link to an
endline survey. This information was sent without feedback to ad-
dresses in the Partille quarterly condition (which had already received
feedback one month before) as well as to control households, but not
to households that had opted out. Survey items included questions
regarding knowledge of and attitudes to the project, waste behavior
over the preceding months, as well as project-related contacts with
other households. Translated versions of the survey are included in
online Appendix A.3.

4. Data and empirical strategy

Both participating municipalities weigh all waste bins during col-
lection. The resulting weight records contain one line per bin-specific
collection event, typically including a non-zero weight measured to a
precision of 0.5 kilograms. These events form our main data source.16

14 We did, however, separate opt-out rates by treatment arm. In Varberg,
13.4% (15.8%) of ‘‘standard HER’’ (short-run dynamic) feedback households
opted out. In Partille, 8.3% (1.8%) of monthly (quarterly) feedback households
similarly did not participate. Thus, variation appears largely driven by (i) a
municipality effect, and (ii) a lower opt-out rate for quarterly feedback.

15 The ‘‘short-run dynamic’’ letters do retain the (static) bar chart and
its associated text-and-emoticon evaluation at the bottom. Similarly, some
information on short-run dynamics can be gleaned from the time series
included in standard HER letters. It follows that our added treatment does not
fully isolate the effect of short-run dynamic feedback as such; nevertheless,
compared to the standard HER design, it does put much stronger emphasis on
the period-to-period changes that are occurring in the reference population, as
in Sparkman and Walton (2017) and Mortensen et al. (2019).

16 They were also used to compile accurate feedback letters throughout the
course of our intervention; for information on how this was done, see online
Appendix B.2.
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Fig. 3. Residual-waste averages by treatment arm and two-week period.
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To construct our main experimental data set, we perform a number of
operations on the raw data, as further detailed in online Appendix B.3.
Most (or, in Varberg, all) households have biweekly collection cycles,
with collection from different households roughly evenly staggered
across each cycle. Therefore, we organize our data as an address-
by-two-week-period panel. The panel, starting on 19 March, 2018,
includes 26 pre-experimental periods (𝑡 ≤ 0), and 18 post-experimental
periods (𝑡 ≥ 1). Thus, monthly feedback was received in periods 1, 3,
5, etc; and quarterly feedback was received in periods 1, 7, and 13.17

The data include all addresses that either received at least one feedback
letter, or else are flagged as part of a control cluster (14,935 in Varberg,
and 5519 in Partille).

Our main outcome variable 𝑦𝑖𝑗𝑘𝑡 is the amount of residual waste
collected from household 𝑖, belonging to cluster 𝑗 and block 𝑘, in
period 𝑡. Waste is expressed in kg/person by dividing the raw weights
(summed within period) by the number of household members as given
by register data from the Swedish Tax Authority.18 In accordance with
our pre-analysis plan, certain observations and addresses are considered
outliers and are dropped from the data.19 Our main regression estimates

𝑦𝑖𝑗𝑘𝑡 = 𝜆𝑘𝑡 + 𝛽1𝑇
1
𝑗 + 𝛽2𝑇

2
𝑗 + 𝜃𝑦̄𝑃𝑅𝐸𝑖 + 𝜸𝐗𝑖 + 𝜖𝑖𝑗𝑘𝑡 (1)

where, since we employ cluster randomization, we consistently cluster
robust standard errors at the cluster level (Abadie et al., 2017). 𝜆𝑘𝑡 are
block by two-week period fixed effects, and 𝐗𝑖 is a set of predetermined
address-level controls.

17 The periods run from Monday to Sunday at the end of the following week,
nd do not coincide with the four-week and twelve-week intervals used for
eedback purposes, which always run from a Wednesday to a Tuesday. For
xample, the initial set of monthly letters was compiled on 13 March, 2019 and
overed the period 13 February-12 March, which partially overlaps periods −2
o 0.
18 For addresses where the tax authority data does not report any household
embers, values are imputed using the relevant 2019 municipality average

or single-family homes from publically available Statistics Sweden data (3.0
ersons/household in Partille, 2.7 in Varberg).
19 Specifically, we exclude (i) all addresses with an average residual or food-
aste weight above 15 kg/person; (ii) addresses with >90% missing or zero
bservations for both residual and food waste, across all periods; and (iii) any
ingle data point with residual or food-waste weight above 50 kg/person. In
oth municipalities, about 2% of remaining observations (3% of remaining
ddresses) are dropped as a result, with nearly all exclusions due to condition
i) or (ii). Our results are robust to retaining these observations.
6

Eq. (1) is an ANCOVA regression, replacing address fixed effects
ith 𝑦̄𝑃𝑅𝐸𝑖 , the baseline (periods −25 to 0) average of residual-waste
eights for household 𝑖. ANCOVA can be viewed as an efficient con-
ex combination of difference-in-differences and an ex-post compar-
son of means across treatment arms. It yields weakly higher pre-
ision than either component estimator, with efficiency gains com-
ared to difference-in-differences increasing as serial correlation ap-
roaches zero (McKenzie, 2012). ANCOVA regressions are run only
n post-treatment observations, allowing the treatment 𝑡 subscript to
e dropped. Our main regressions additionally exclude period 1, when
ouseholds first received feedback, although results are robust to not
oing so.

. Results

Fig. 3 provides a first look at the experimental results. It tracks
verage per-person residual-waste weights for each treatment arm and
ll periods, separately for Varberg (left panel) and Partille (right panel).
ertical lines, placed between period 0 and 1, mark the start of treat-
ent.

To the extent that randomization has successfully eliminated av-
rage differences between treated and non-treated units, each set of
hree lines should coincide throughout the pre-treatment period. Re-
ssuringly, this is clearly the case in Varberg despite some rather
ronounced seasonal effects.20 It is not so apparent in Partille, where
reatment is randomized over fewer clusters and outcome balance is
orrespondingly less likely. However, note that, on either side of the
ashed vertical line representing the start of treatment, the relative
osition of each treatment-arm average is roughly constant over time.
iven that pre-treatment trends thus appear reasonably parallel, it
ay be appropriate to apply difference-in-differences as a secondary

dentification strategy. We return to this point below.
Next, to the extent that our interventions are effective, we would

xpect control and treatment averages to diverge beyond each vertical
ine. Indeed, it seems that this is happening in both municipalities.
n Varberg, from about period 1 onward, control averages are consis-
ently above treated averages, suggesting a residual-waste reduction of
bout the same magnitude in both feedback groups. In fact, since pre-
reatment trends essentially coincide, these average treatment effects

20 Varberg is a popular domestic summer resort, explaining the peak around
periods −18 to −15, at the height of the Swedish summer holidays. Other peaks
roughly coincide with national holidays (Easter, Christmas).
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Table 2
The effect of treatment on per-person residual waste: ANCOVA.

Varberg Partille

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

Standard HER (monthly) −0.218*** −0.264***
(0.026) (0.028)

Short-run dynamic (monthly) −0.240*** −0.290***
(0.028) (0.030)

Monthly (standard HER) −0.236*** −0.227***
(0.035) (0.035)

Quarterly (standard HER) −0.178*** −0.187***
(0.038) (0.037)

Baseline waste average 0.761*** 0.755*** 0.702*** 0.707***
(0.010) (0.011) (0.016) (0.016)

𝑝 value, 𝛽1 = 𝛽2 0.466 0.424 0.126 0.277

Block by period FE Yes Yes Yes Yes
Additional controls No Yes No Yes
Observations 250,145 216,026 86,430 83,609
Addresses 14,918 12,868 5414 5235
𝑅2 0.375 0.373 0.393 0.390

Table presents ANCOVA regression estimates for average treatment effects on per-
person residual waste. Additional controls are: (i) household size, (ii) age of the oldest
member of the household, (iii) gender of the oldest member of the household, (iv)
whether the household includes at least one child below five years of age; (v) distance,
in kilometers, to the nearest FTI recycling station; and (vi) whether the household’s
waste collection cycle is two weeks. Robust standard errors clustered at the cluster
level reported in parentheses. * 𝑝 < 0.1, ** 𝑝 < 0.05, *** 𝑝 < 0.01.

ill be roughly equal to the gap between the lines, suggesting a
eduction on the order of 0.25 kg/person in both conditions. In relative
erms, this is about 7% of the post-treatment control average of roughly
.40 kg/person. The effect is substantially larger in magnitude than
ypically found in the literature on Home Energy Reports (e.g., Allcott,
011, 2015). In Partille, applying differences-in-differences reasoning,
e note that control averages are slightly below monthly and quarterly-
roup averages up until the start of treatment, and are consistently
bove thereafter. That pattern again suggests a negative-sign treatment
ffect, although the magnitude of the effect is less immediately clear
han in Varberg.

Table 2 presents ANCOVA regression results. The regression in
olumn 1 corresponds to Eq. (1) absent covariate vector 𝐗𝑖, confirming

waste reduction of 0.2–0.25 kg/person from both treatments in
arberg. At the bottom of the table, we also report 𝑝 values for the

est that both treatment effects are equal in magnitude. Clearly, this
ull hypothesis cannot be rejected, reflecting the fact that our design
s likely underpowered to detect such small effect differences (see
ootnote 11).

Then, in column 2, we add an additional set of household character-
stics at baseline, i.e., immediately before the first letter was received.21

ith these covariates, treatment-effect estimates are very similar to
olumn 1, indeed slightly larger at 0.25–0.30 kg/person. However, the
ample is effectively selected on non-missing covariate data; when we
un the regression specification of column 1 on the subsample where
ovariates are available, we obtain estimates nearly identical to those
n column 2. For Partille (columns 3 and 4), ANCOVA estimates for the
onthly treatment are similar to either Varberg intervention, both with

nd without added covariates. Point estimates for quarterly feedback
re somewhat smaller than for monthly feedback, though the difference
s not significant. With the municipality control post-treatment average

21 These are: (i) household size, (ii) age of the oldest member of the
ousehold, (iii) gender of the oldest member of the household, (iv) whether
he household includes at least one child below five years of age; (v) distance,
n kilometers, to the nearest FTI recycling station; and (vi) whether the
ousehold’s waste collection cycle is two weeks. In Partille, about 90% of
ouseholds in the data have two-week collection cycles, while in Varberg, the
igure is exactly 100%, so this covariate is not added there. Our results are
obust to simply dropping all households with collection cycles not equal to
wo weeks.
7

v

Table 3
The effect of treatment on per-person residual waste: difference-in-differences.

Varberg Partille

Standard HER (monthly) −0.217***
(0.028)

Short-run dynamic (monthly) −0.246***
(0.029)

Monthly (standard HER) −0.270***
(0.037)

Quarterly (standard HER) −0.212***
(0.038)

𝑝 value, 𝛽1 = 𝛽2 0.371 0.138

Block by period FE Yes Yes
Address FE Yes Yes
Additional controls No No
Observations 629,469 217,965
Addresses 14,935 5519
𝑅2 0.490 0.518
Within 𝑅2 0.000 0.001

Table presents regression difference-in-differences estimates for average treatment
effects on per-person residual waste. Within 𝑅2 relates to remaining variation after
absorbing both address and block-by-period fixed effects. Robust standard errors
clustered at the cluster level reported in parentheses. * 𝑝 < 0.1, ** 𝑝 < 0.05, ***
< 0.01.

t about 2.55 kg/person, these estimates correspond to a decrease of
%–9%.22

Given the lack of pretreatment outcome balance in Partille, in
able 3 we run regressions like those in column 1 and 3 of Table 2
sing difference-in-differences in place of ANCOVA.23 Note that pre-
etermined controls are invariant within household and thus cannot
e used with difference-in-differences. Online Appendix E.1 supports
hese regressions by testing the parallel-trend assumption through a
eries of placebo treatment tests, counterfactually assuming that in-
erventions had begun at various points throughout the actual pre-
reatment period. These regressions confirm our earlier conjecture that
re-treatment trends are roughly parallel in both municipalities. Thus,
or Partille, the difference-in-difference analysis in Table 3 is our pre-
erred specification. In Varberg, results in Table 3 are nearly identical to
he earlier ANCOVA estimates. Point estimates for Partille are slightly
arger, at about 0.25 kg/person.

To put these seemingly large reductions into perspective, it is useful
o examine what fee increase might have produced similar effects if
pplied throughout the post-experimental period. In a synthetic-control
tudy of Italian unit-based pricing, Bueno and Valente (2019) conclude
hat a e0.09 per liter volume-based fee reduces unsorted waste by
7.5%, a percentage effect size 4–5 times larger than ours. Assuming
conversion factor of 0.2 kg/liter of residual waste,24 the Bueno

22 Beyond average effects, a few HER studies (Allcott, 2011; Costa and
Kahn, 2013) have also evaluated the causal effect of injunctive norm content,
e.g., of receiving the rating ‘‘Good’’ versus ‘‘Room for improvement’’ (one
or no smiley). Since these ratings are based on the cutoff criterion that
a household lies at or below the relevant reference-group average, (sharp)
regression discontinuity analysis may be applied around the cutoff. In online
Appendix D, we do so, finding all estimates to be nonsignificant, except one:
in Varberg, there is a positive effect of about 0.2 kg/person from being labeled
‘‘Excellent’’ rather than ‘‘Good’’ (𝑝 < 0.01). Previous studies have consistently
found null results, e.g. Allcott (2011).

23 All results in both Tables 2 and 3 are robust to applying a Bonferroni
correction for multiple hypothesis testing within regression, adjusting the
critical values of the two treatment coefficients as well as that of the 𝛽1 = 𝛽2
est (i.e., 𝑚 = 3).
24 This conversion factor, also used by Dijkgraaf and Gradus (2004), is
upported in the raw waste data. We interpret the upper end of the distribution
f weights (in kg) collected from a given type of waste bin as an approximation
f its capacity. Since the data also list each bin type’s volume, we can calculate
g/l factors by dividing, e.g., the 99th percentile of collected weights by the
olume. This consistently yields conversion factors around 0.2.
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and Valente (2019) fee translates into e0.45/kg. Thus, as a rough
estimate of the equivalent fee increase, we simply divide e0.45/kg
by four or five, yielding an increase of about 32%–40% of the cur-
rent Varberg unit-based fee (e0.28), and 54%–67% of the Partille fee
(e0.17). The effects we observe thus translate into quite large price
increases which, strikingly, also exceed the equivalent price increase
of 11%–20% reported for electricity by Allcott (2011).

6. Extensions

6.1. Robustness tests

The linear-in-parameters regressions presented in the previous sec-
tion fail to account for two potentially important features of our data.
First, about 15% of all weight observations in both municipalities are
equal to zero. Although such corner solutions may be due to stringent
recycling efforts, they are perhaps more likely the result of factors not
directly related to waste behavior, such as time spent away from the
household. Second, the distribution of weights is highly right-skewed;
indeed, viewed in a histogram, the empirical distribution essentially
decreases monotonically for all positive weights and features a long
right tail. This suggests that it may be more appropriate to model the
conditional mean as exponential in the covariates.

In online Appendix H, therefore, we perform a robustness test ac-
counting for both of these features by estimating the lognormal hurdle
model of Cragg (1971). Unlike a standard Type I Tobit model, this
approach has the benefit of assuming separate variables and/or coeffi-
cients driving corner solutions compared to weight choices conditional
on weights being strictly positive. It also assumes an exponential rather
than linear model for the interior outcomes. The resulting treatment
coefficients (online Appendix Table H.1) are comparable but some-
what larger than in Tables 2 and 3, exceeding 0.3 kg/person in some
cases and implying reductions of up to 12% compared to the control
group. Additionally, treatment-effect differences between monthly and
quarterly feedback in Partille are now significant.

Online Appendix H also presents several other variants of the anal-
ysis in Tables 2 and 3: (i) in Table H.2, we do not control for block
status in any way, instead including only period fixed effects; (ii) in
Table H.3, we collapse the data at the cluster level, using clusters as our
unit of analysis and cross-sectional cluster averages of residual waste as
outcome variable; (iii) in Table H.4, we pool both municipal data sets
and run difference-in-differences regressions that include three treat-
ment variables, where one represents monthly HER-standard feedback
in both municipalities; and (iv) in Table H.5, we re-run our preferred
regressions using residual waste per household as outcome variable. All
four exercises yield results that confirm those already reported.

A different issue concerns potential spillovers between treatment
and control, which will typically bias effect estimates toward zero.
For example, members of control households may hear about the
feedback letters from receiving neighbors, possibly motivating them to
reduce their own waste. However, in our endline survey (full responses
are given in online Appendix Table A.1), only about 5% of control
respondents claim to both be aware of the project and to have discussed
it with others, suggesting that spillovers are not a major issue in our
data. However, among those who have discussed the letters, most did
so with someone other than immediate neighbors.25

25 Some caution is advised in interpreting these results, given that response
ates are generally low: only about 5% (10%–18%) of treated (control)
ouseholds. However, in online Appendix Table H.6, we also check for
pillovers directly in the data. For Partille, we add a dummy for the 597
ontrol households that are directly adjacent to some treated household(s),
hus capturing the differential effect compared to control households that do
ot border on treated clusters. For Varberg, we instead interact both treatment
8

ariables with a dummy for whether a given block is in a rural area (68 out
6.2. Mechanisms

What strategies do households use to reduce residual waste in
response to feedback? Generally speaking, there are three options
available to households. First, as already noted, they may be turning to
illicit disposal, i.e., dumping. Second, they might increase their sorting
efforts, thus diverting waste from the residual bin to various recyclable
streams. Third, they may reduce the amount of waste generated, for
example by buying more packaging-free products. Quantitative analysis
is complicated by the fact that, as in the wider economic literature
on waste management, little reliable data is available for any of these
three waste-reduction categories. Nevertheless, we will discuss each
mechanism in turn.

6.2.1. Illicit disposal
The Partille survey included an item on dumping, asking respon-

dents whether they thought the letters had ‘‘made any of their neigh-
bors dispose of their waste in an illegal way’’: only about 2.5% of
respondents thought so. We are able to complement the survey data by
accessing municipal records on dumping incidents related to household
waste. These necessarily represent a partial measure, since some types
of dumping (e.g., in lakes) are unobservable in the short run. Neverthe-
less, we would expect any substantial effect on dumping to show up in
the records.

In Partille, dumping data are available for 2018 (6 incidents) and
the intervention year of 2019 (7 incidents), suggesting no major treat-
ment effect on illicit disposal. Since illicit disposal might also occur
across the border of small municipalities like Partille, we also check
for dumping incidents in neighboring Härryda municipality, where
monthly data on dumping of household waste are available from 2015
through to late 2020. Incident frequency is increasing prior to 2019,
so we add a linear time trend in addition to a dummy that equals one
from March 2019 onward. The dummy is non-significant (𝑝 = 0.896), a
result which does not change when instead we ‘‘switch off’’ the dummy
after our intervention concluded in October 2019.

In Varberg, municipal records exist from 2015 onward and are
disaggregated by waste stream, allowing us to consider dumping of
household waste separately from waste types not targeted by our inter-
vention, such as chemicals, scrap vehicles, and building materials. We
do find a spike in dumping incidents related to household waste in 2019
(8 instances, compared to 1–4 during 2015–2018). However, a similar
increase appears in 2019 for non-household waste (9 incidents, com-
pared with 2–6 in earlier years), suggesting the variation is unrelated
to our experiment. In any case, as in Partille, all incident numbers are
clearly extremely small in relation to the number of treated households,
so effects on dumping (if any) are likely very minor.

6.2.2. Recycling and prevention
Given that illicit disposal can arguably be ruled out as a mechanism,

we now turn to recycling of waste. Recyclables include food, paper,
and packaging waste. Starting with food waste, this waste type is
collected by our partner utilities and is available in our main data
sets. Thus, Fig. 4 depicts raw time series for collected food waste (in
kg/person). Unlike in Fig. 3, average pre-treatment weights appear
roughly to coincide for all treatment arms in either panel, suggesting
ANCOVA regressions may be run in both municipalities. The averages
also appear to diverge in the post-treatment period, although the effect
is much less pronounced than found in Fig. 3 for residual waste; note
that increased recycling translates into more food waste being col-
lected. Online Appendix Table H.7 shows the corresponding ANCOVA

of 172 blocks). The idea is that since houses are spaced further apart in rural
areas, spillovers are perhaps less likely to occur and thus treatment estimates
should exhibit less bias there. We find no indication of spillovers in either
model.
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Fig. 4. Food-waste averages by treatment arm and two-week period.
Table 4
Post-treatment composition of residual waste.

Food Paper & packaging Other, avoidable Other Sum

Control (𝑁 = 238)
Weight (kg) 165.5 200.2 43.1 99.1 507.9
Weight share (%) 32.6 39.4 8.5 19.5 100.0
𝑦𝑖𝑡 (kg/person) 0.831 1.005 0.216 0.498 2.550

Pooled treatment (𝑁 = 423)
Weight (kg) 147.6 192.2 71.2 110.1 521.1
Weight share (%) 28.3 36.9 13.7 21.1 100.0
𝑦𝑖𝑡 (kg/capita) 0.654 0.852 0.315 0.488 2.309

Reduction: 𝑦𝑖𝑡 (kg/person) 0.177 0.154 −0.099 0.010 0.241

Table presents results from a bin audit on a sample of 661 households in Partille. Rows ‘‘𝑦𝑖𝑡 ’’ estimate weights in kg/person for control and
pooled treatment as a whole, multiplying the weight shares in the audit data by either the control-group post-treatment mean (2.550 kg/capita),
or by the same value less the average of the Partille ATE point estimates in column 2 of Table 3 (0.241). Row ‘‘Reduction’’ gives the resulting
stream-specific differences across control and pooled treatment.
regression estimates, which are consistent with the figure: except for an
insignificant and near-zero coefficient for the quarterly treatment, ATEs
on food waste cluster around 0.03 kg/person, about one eighth of the
reduction in residual waste.26 We conclude that most of that reduction
must be due to other mechanisms.

Paper and packaging are not available in our data and thus cannot
be analyzed in the same way.27 Instead, we perform a bin audit to
check the composition of residual waste in participating households.
The idea is that learning how the post-experimental content of residual
waste differs across control and treated households allows us, at least
in principle, to infer recycling and prevention behavior for all waste
streams. For example, a lower share of packaging thrown in the residual
bin suggests that recycling and/or prevention of packaging waste has
increased. We carried out such an analysis in late November 2019, less
than one month after the final feedback letter was sent.

26 For additional robustness, we run difference-in-differences regressions in
nline Appendix Table H.8 (with supporting placebo regressions in online
ppendix E.2); the results are very similar to those in online Appendix Table
.7.
27 Recall from Section 2 that these waste types are not collected curbside;

nstead, households dispose of them at designated recycling stations. While the
roducer-owned corporation responsible for station maintenance does record
he amount of collected paper and packaging by municipality and year, these
9

ata do not allow us to estimate experimental impacts.
The procedure was the following. First, a contractor collected all
residual waste generated during a single waste cycle from a (sub)sample
of 661 participant households in Partille. The sample was nonrandom
but included all single-family households in a particular area within
the municipality, and thus was split roughly equally across treatment
arms. Two sets of separate but nearly concurrent collection runs were
made: one for control households, and one for both treatments. Once
all waste had been collected, a random sample of about 500 kilograms
(10%–20% of collected waste, depending on the group) was made from
the waste totals of each collection run. The composition analysis is on
that subsample.

The sampled weight of each waste type is presented in Table 4. We
also calculate the weight proportions of each waste stream. Next, sup-
posing those proportions applied to all participating addresses in Par-
tille, we multiply them either by the control-group post-experimental
mean of 2.55 kg/capita (control), or by the same value less the average
of the treatment-effect estimates given in column 2 of Table 3, which
is 0.241 (pooled treatment). As a result, post-treatment residual waste
is decomposed by waste stream in the rows labeled ‘‘𝑦𝑖𝑡’’. Finally, we
compare the results across control and pooled treatment. Note that
we are unable to distinguish recycling from prevention: reductions in
Table 4 may be due to either or both mechanisms.

Based on this composition analysis, treated households throw 0.177
kg/person less food waste in the unsorted bin than do control house-

holds. This is a much larger reduction than the corresponding increase
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in sorted food waste found in Fig. 4 and online Appendix Table H.7.
Several explanations are possible. First, as noted, some of the reduction
computed in Table 4 may be due to prevention and will therefore not
show up as increases in sorted food waste. Second, the analysis may
not be representative of Partille as a whole, due to sampling and/or
measurement error. Third, the bin audit treated unopened packaged
food as part of the food-waste stream, but the packaging itself would
obviously not add to sorted food waste if such items were correctly
source separated. In any case, the reduction in paper and packaging
waste is roughly equal to that in food waste, suggesting households
respond to treatment by reducing both streams more or less equally.
These reductions are somewhat offset by increases in the ‘‘other, avoid-
able’’ stream, including for instance organic (garden) waste, cloth,
utensils, etc.

Our endline survey, finally, may also shed light on the relative con-
tribution of recycling and prevention across various streams. In panel
B of online Appendix Table A.1, we ask control and treated households
whether their waste behavior had changed during the intervention
period; and if so, what the most substantial change was.28 Here, nearly
half of households state increased recycling of paper and packaging as
their main response to treatment; though stated prevention behavior,
while rarer, is also not negligible in our sample.29

6.3. Heterogeneous treatment effects

A general finding in the existing literature on norm feedback,
whether with respect to water or energy usage, is that treatment effects
are largely driven by high users (see e.g., Allcott, 2011; Ferraro and
Price, 2013; Jaime Torres and Carlsson, 2018; Andor et al., 2020). Does
such a pattern hold within the waste domain as well? To check this, we
interact both treatment variables with indicators for each household’s
position in the distribution of average pre-experimental (𝑡 ≤ 0) waste

eights.30

For each municipality and treatment, Fig. 5 plots the resulting decile
reatment effects and associated confidence intervals. Estimates follow
he expected pattern, with more pronounced effects among households
ith high baseline generation. Indeed, reductions in the highest deciles
re about 0.5 kg/person (15%–20%), twice as large as our estimated
TEs. At the lower end of the baseline distribution, effects instead

28 Simple two-proportions tests confirm that changed waste practices are
ore common among treated respondents (𝑝 = 0.037 in Varberg, 𝑝 < 0.001

n Partille). By contrast, chi-square homogeneity tests fail to reject the null
ypothesis that the distribution of specific changes made is equal across
reatment and control. Of course, a potential issue in these comparisons is the
act that response rates are low, and substantially lower in treated households
ompared to control (online Appendix Table A.1).
29 For Partille, we are able to support this final point with additional
vidence: in July and August 2020, nine months after the last letter was sent,
e had research assistants check for ‘‘no-ads’’ stickers on the mailboxes of
ll 2398 single-family homes (split roughly equally across treatment arms)
n three specific areas of the municipality. Sticker rates were found to be
bout 6.4 percentage points higher in the monthly group (two-proportions test:
= 0.011), and 4.1 percentage points higher in the quarterly group (𝑝 = 0.101),

compared to control households. We interpret this as evidence of prevention
of paper waste, though the amount of waste thus avoided is unknown. Overall
longer-run effects are discussed in Section 6.6.

30 For Varberg, the specification used is the modified ANCOVA regression

𝑦𝑖𝑗𝑘𝑡 = 𝑞𝑑𝑒𝑐𝑖 × (𝜆𝑘𝑡 + 𝛽1𝑇
1
𝑗 + 𝛽2𝑇

2
𝑗 ) + 𝜃𝑦̄𝑃𝑅𝐸𝑖 + 𝜖𝑖𝑗𝑘𝑡

where 𝑞𝑑𝑒𝑐𝑖 represents a full set of dummy variables for the baseline waste-
weight decile to which address 𝑖 belongs. Thus, we vary both treatment effects
and block-specific time trends by decile. For Partille, where our preferred
model is a difference-in-differences regression, we retain all pre-treatment
periods in the data and run a specification like the above, except with time-
varying treatment status and with address fixed effects in place of baseline
averages.
10
approach zero, so there is little evidence of a ‘‘boomerang’’ effect such
that low-decile households generate more waste when treated (Schultz
et al., 2007).

6.4. Longer-run effects

In early 2021, we obtained an additional batch of waste data from
our partner municipalities, allowing us to examine longer-run effects in
the year after the intervention concluded. The new data set extends to
November 2020 and starts in late November 2019 at the exact endpoint
of the main data explored thus far (effectively adding post-experimental
periods 19–44).

Most HER studies have found that treatment effects are remarkably
persistent for both energy (Allcott and Rogers, 2014; Alberts et al.,
2016) and water use (Ferraro et al., 2011; Bernedo et al., 2014), often
with more than half of the original effect remaining after a year or
more. The pattern of immediate change and slow reversion is consistent
with some combination of changes in habits and capital stock (Allcott
and Rogers, 2014). For example, Brandon et al. (2017) exploit the fact
that in the Opower HER experiments, letters were discontinued upon
the sale of a home and not sent to the incoming household. Thus, any
residual treatment effect occurring after sale seems likely to reflect
changes in physical capital, and Brandon et al. (2017) estimate that
this channel accounts for 35%–55% of the total effect.31

Physical capital plays a different role in the waste domain, however.
Waste-related physical capital investments such as in-home recycling
bins or ‘‘no-ads’’ stickers are unlikely to mechanically persist after home
sales, limiting the scope for identifying the two channels through home
sales. More importantly, effort and physical capital are complements
rather than substitutes, as stressed by Vollaard and van Soest (2024).
As a result, both short-run and longer-run effects will mostly reflect
behavior change, with physical capital improvements reduced to a
multiplicative effect.32

With these points in mind, we examine longer-run effects from
all four treatments in Fig. 6. We run a single regression in each
municipality. These interact both relevant treatment variables with all
periods except 𝑡 = 0, allowing us to track effect sizes over time. Thus,
in the figure, both sets of estimates within a given municipality derive
from the same regression, and are presented in separate subfigures
purely for clarity. The Varberg estimates (panel a), being derived from
an ANCOVA specification, use only post-treatment periods, while the
Partille difference-in-difference regression (panel b) performs a full
event study that includes all periods. Dashed gray lines mark the
start and end of our original post-treatment period. Both regressions
include block-by-period fixed effects but no other covariates (except
for baseline averages in Varberg).

Strikingly, we observe quite limited reversion-to-zero effects over
the course of the additional year. In Partille, such backsliding is practi-
cally nonexistent; in Varberg about one quarter (half) of the ‘‘standard
HER’’ (short-run dynamic) norm effect is lost. The patterns are consis-
tent with norm feedback inducing a change in highly sticky, habitual
behavior, and are confirmed in additional regressions where treatment
status is interacted with a set of longer durations of about six periods
each (online Appendix Table H.9).

31 Note that these figures apply to the wider sample only if movers are
representative in terms of their chosen combination of habit formation and
capital investment; in other words, if there is no selection into being a mover.

32 In principle, we might use changes in customer IDs to infer where moves
have occurred (as in Ferraro and Miranda, 2013; Bernedo et al., 2014).
Our Varberg data do not include such IDs, however, making it infeasible to
correctly flag movers without close examination of personal data (e.g., name
changes). In any case, our best estimate is that, in both municipalities
combined, no more than about 1000 households moved at some point in the
‘‘longer-run’’ periods 19–44, implying that our power to decompose effects into

different mechanisms is likely quite low.
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Fig. 5. Heterogeneous treatment effects by baseline waste generation: point estimates by decile, with 95% confidence intervals.
. Costs, benefits, and effectiveness

In this section, we summarize a cost–benefit analysis of our in-
ervention, presented in full in online Appendix F. We use Swedish
ata wherever possible. A major component of this analysis is data
n household WTP for (not) receiving additional feedback letters. In
ovember 2023, we sent a valuation survey to all Varberg and Partille
ddresses that were treated in our 2019 experiments. We obtained 3718
sable responses at a response rate of about 20%. There were four
urvey variants, each presenting respondents with an example of one
f the four 2019 feedback treatments and then eliciting their WTP to
eceive that feedback type over a period of equal length to that of the
riginal intervention (i.e., nine letters in ‘‘monthly’’ treatments, and
hree letters in the ‘‘quarterly’’ treatment), starting in early 2024. For
aluation, we used a variant of the Becker–DeGroot–Marschak (BDM)
imilar to Butera et al. (2022).33 The valuation survey is presented in
nline Appendix A.5.

Allcott and Kessler (2019) conduct a similar valuation of specifically
he second year of an Opower HER intervention. By contrast, we
nterpret our results as the net benefits of an intervention’s initial
.7 years, corresponding to the longer-run data period in Section 6.4.
ur key assumption is that WTP is consistent with a scenario where

eedback letters are again sent to all eligible households in Varberg and

33 The first batch of letters, stamped with the logo of the University of
othenburg rather than a municipal utility, were sent in April 2024. All
ayments to respondents were made through a Swedish payment service called
wish, used by some 90% of the Swedish population.
11
Partille, e.g., from early 2024. Since this is more than four years since
our original treatments concluded (October 2019), we assume that any
lingering effects have then fully dissipated and that the hypothetical
intervention would have effects identical to those that can be estimated
from our experimental data.34 On the other hand, it is likely that
many survey respondents still remember what it was like to receive
the 2019 letters and thus are able to provide an accurate valuation.
Indeed, we maximize prior familiarity with each feedback type by
targeting each survey variant specifically to the addresses included in
the corresponding 2019 treatment. Thus, our cost–benefit analysis is
for that hypothetical intervention.

Fig. 7 illustrates the structure of the analysis. The horizontal axis
measures the amount of residual waste generated by a representa-
tive household over the entire course of the intervention. The initial
demand curve 𝐷0, assumed linear for simplicity, reflects the house-
hold’s marginal benefit of generating unsorted waste, or equivalently,
marginal costs of reducing it. The presence of unit-based pricing implies
pre-existing incentive 𝜙.

Our intervention works by shifting the demand curve downward
to 𝐷1; the shift is parallel by assumption. Since marginal incentives
remain at 𝜙, the result is the ATE shown in the figure. This ATE has
several welfare implications. First, private and external costs from the

34 The length of the hypothetical intervention is otherwise comparable
to Allcott and Kessler (2019), who consider a set of four bimonthly letters.
Online Appendix F.4.2 presents a linear extrapolation exercise that, for Var-
berg, shows that effects fully revert to zero about four and a half years after
the start of the 2019 treatment, i.e., by Autumn 2023.
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Fig. 6. Longer-run effects from treatment: period-by-period point estimates and 95% confidence intervals.
Fig. 7. The behavioral and welfare effects of norm-based feedback.
collection and incineration of residual waste drop. Also, private costs
and external benefits associated with the collection, treatment and
recycling of food and packaging waste increase. The sum of all these
marginal costs and benefits, expressed per kilogram of reduced residual
waste, is shown in Fig. 7 as the marginal social cost (MSC) of residual
waste. Again for simplicity, we draw the line as horizontal. We also
place it above marginal incentive 𝜙, implying that a net market failure
12
remains and that recycling rates are initially suboptimally low. Whether
that is the case for our actual setting remains to be seen.

Furthermore, as residual waste drops, households experience var-
ious costs and benefits. We assume that our WTP measures reflect
the sum of three such components. First, in response to treatment,
households bear higher abatement costs through some combination of
effort and capital investments. In the figure, these costs are given by
a trapezoid area below the demand curve, with width equal to the
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Table 5
Summary of costs and benefits, by treatment.

Varberg Partille

Standard HER Short-run dynamic Monthly Quarterly

𝜙 (e/kg) 0.28 0.28 0.17 0.17
MSC, low (e/kg) −0.34 −0.34 −0.34 −0.34
MSC, high (e/kg) 0.31 0.31 0.31 0.31
Direct intervention costs (e/household) 4.57 4.57 4.57 1.52

A. Net benefits, full population, high MSC:
Mean WTP (e/household) −2.69 −2.38 1.61 2.57
ATE (kg/household, all periods) 26.33 27.57 38.14 27.74
Effect on net market failure (e/household) 0.83 0.87 5.39 3.92
Net benefits (e/household) −6.43 −6.09 2.43 4.97

B. Utility of receiving feedback, full population:
Fee savings (e/household) 5.53 5.79 4.86 3.54
Area below 𝐷0 (e/household) 8.40 8.85 9.08 6.09
Area below 𝐷1 (e/household) 6.34 6.59 3.89 3.34
Utility of receiving feedback, 𝐷0 (e/household) 0.18 0.68 5.82 5.12
Utility of receiving feedback, 𝐷1 (e/household) −1.87 1.58 0.63 2.38

C. Net benefits, full population, extrapolated effect:
Extrapolated ATE (kg/household, all periods) 47.24 33.87 105.09 81.36
Number of post-intervention periods 120 72 120 120
Effect on net market failure (e/household) 1.49 1.06 14.86 11.51
Net benefits (e/household) −5.78 −5.89 11.90 12.55
d

m
i

ATE. However, as argued by Allcott and Kessler (2019), it is not clear
whether the area lies below 𝐷0 or below 𝐷1. If a feedback intervention
works exclusively by addressing an internality, i.e., by providing in-
formation or correcting recipient biases regarding consumption utility,
then household disutility from reduced consumption would reflect only
the shaded area below 𝐷1. In the waste domain, such an internality

ight be caused by sticky habits causing households to remain at sub-
ptimally low recycling effort. Conversely, if feedback does not correct
n internality but operates exclusively through e.g. moral incentives,
hen the disutility instead reflects the (light and dark) shaded region
elow 𝐷0. Second, by reducing residual waste, household also avoid fee
ayments. The municipalities in our setting apply UBP to both residual
nd food waste, but to the extent that households reduce residual waste
ithout a corresponding increase in sorted food waste, the avoided fee
ayments are given as the rectangle with width ATE below the 𝜙 line.

Third and finally, there may be a household net (dis)utility, not shown
in the figure, purely from receiving feedback, e.g. from experiencing
shame or pride.

We then calculate net social benefits as the sum of mean household
WTP, the reduction in the net market failure (the rectangle between the
MSC and 𝜙 lines; note that fee payments are transfers but included in
mean WTP), and direct project administration costs of our intervention,
also not shown in the figure.

Table 5 presents our estimates of the components of the analysis,
organized by municipality and treatment (survey variant). Since our
main focus is on the full population that would be targeted in a repeated
feedback intervention, we apply inverse probability weighting to the
raw WTP data to account for survey-respondent selection on covari-
ates.35 At the top of the table, we report general parameters. Here,
the most complex task is to compute the MSC; this is done in online
Appendix G by combining results from life cycle analyses (Ambell et al.,
2010; Slorach et al., 2019) with environmental shadow prices (Ahlroth
and Finnveden, 2011).36 Reflecting a range of estimates from valuation

35 The weights are derived from probit regressions (run separately for each
unicipality) that estimate the probability of being a survey respondent in
023 using new covariate data from that year. In online Appendix F, we also
onsider net benefits within the respondent sample, with similar results as
ere.
36 To make this calculation, we assume that each kilogram of residual waste
educed is matched by a corresponding 750-gram increase in packaging waste,
nd a 250-gram increase in food waste. Marginal social benefits of recycling
under high shadow prices) are higher for packaging waste than food waste,
13

o the MSC increases with the share attributed to packaging.
studies, environmental shadow prices may take either a low or a high
value. As a result, the MSC of residual waste may similarly be high or
low. The two estimates are very different, mostly because high and low
environmental benefits from recycling of packaging differ by a factor of
22. Our analysis focuses on the high MSC value which, at e0.31/kg, is
slightly larger than the pre-existing incentive 𝜙 in Varberg and nearly
ouble the rate used in Partille.37

Net benefits are calculated in panel A of Table 5. First, we report
ean WTP, re-weighted to the full population: WTP is generally higher

n Partille than in Varberg.38 Next, to compute ATEs, we sum the
longer-run estimates in online Appendix Table H.9 across all 44 data
periods after the first letter was sent. For the Varberg Standard HER
treatment, for instance, this total effect equals 26.33 kg/household. As a
result, the effect on the net market failure is (0.31−0.28)×26.33 = e0.83
for a representative household in this treatment. Finally, we subtract
direct intervention costs as given by the project budget, yielding net
social benefits as, e.g., −2.69 + 0.83 − 4.57 = e−6.43/household.

Much of the variation in the resulting net benefits is clearly ex-
plained by two facts: mean WTP is lower in Varberg than in Partille,
and marginal social costs are already largely internalized in Varberg,
with 𝜙 ≈ 𝑀𝑆𝐶. Thus, unlike in Partille, even low-cost interventions
to reduce residual waste further are difficult to justify in Varberg
based on economic costs and benefits. Notably, the smaller ATE from
quarterly feedback is more than compensated for by lower operation
costs, suggesting that less frequent feedback is more efficient.

In panel B of Table 5, we attempt to isolate the household ‘‘welfare
cost of nudging’’, the utility purely from receiving feedback. Recall
that WTP is assumed to reflect the sum of (i) such utility impacts, (ii)
avoided fee payments, and (iii) household costs when reducing waste,
either in relation to 𝐷0 or 𝐷1. Since the fee rates are public information,

37 Indeed, the MSC turns out to be negative for low shadow prices, in which
case any intervention to reduce residual waste will also reduce net benefits; see
Kinnaman (2006) for one cost–benefit analysis with similar results. However,
existing targets and policies for waste strongly suggest that policy makers
believe the marginal social benefits of recycling are positive, which is why
we focus on the high value.

38 The differences are in line with the differential opt-out rates observed in
footnote 14. All WTP figures adjust for likely censoring, given that a significant
fraction of respondents state WTP equal to either the minimum possible value
of −200 SEK or the maximum value of 200 SEK. In online Appendix F.2,
we also check that WTP is correlated with other survey items (e.g., attitudes

toward the letters) in expected ways, validating the measure.
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component (ii) can be calculated directly.39 Thus, given a credible
estimate of component (iii), it is possible to isolate the utility impact
of receiving feedback, component (i). As Fig. 7 shows (iii) as bounded
by the areas below demand curves 𝐷0 and 𝐷1, respectively, we again
use existing results on unit-based fees (Bueno and Valente, 2019) to
infer the slope of these demand curves and calculate the shaded areas.
Clearly, the implied bounds on the utility from receiving feedback differ
across treatments but especially across municipalities: the utility purely
from receiving feedback is near zero or slightly negative in Varberg, but
positive in Partille.

As observed in Section 6.4, there are nonzero effects remaining in
all treatments at the end of the data period. A reasonable but somewhat
speculative exercise, therefore, is to calculate net benefits for some
hypothetical ‘‘total’’ ATE obtained by extrapolating treatment effects
into the future. In online Appendix F.4.2, we fit a linear curve to the full
post-experimental period and keep adding effects until these have fully
receded to zero. For instance, in the Varberg ‘‘standard HER’’ treatment,
this happens in period 120, more than four and a half years after
the start of treatment.40 The results are shown in panel C of Table 5.
Extending the effects in time does little to change results in Varberg, but
has a large impact on net benefits in Partille, which are now about e12
per household. The large increase in Partille arises because the MSC
is high compared to 𝜙 and the extrapolated effects do not attenuate
over time. This underscores the point that net social benefits are largely
determined by whether the marginal costs of residual waste are already
internalized through the weight-based fee.

In online Appendix F.4.3 and F.4.4, we conduct two additional
extensions of the analysis. First, recalling from Section 6.3 that ATEs are
largely driven by households with high baseline waste generation, we
evaluate a simple ‘‘profiling’’ design where only the 50% of households
with baseline-average residual waste (weakly) above the median are
treated. Because only half of all households are treated, profiling has
opposing effects: it lowers both ATEs and direct intervention costs,
and shifts mean WTP toward zero. We find that, indeed, net benefits
do not necessarily increase with such profiling, and overall results are
reasonably similar compared to our main analysis in panel A of Table 5.

Second, our particular experimental design clearly relies on the pre-
existence of unit-based pricing. Thus, a policy-relevant question to ask
is whether norm feedback could be applied in areas where such pricing
is not in use. If so, would net benefits be positive? While providing a
complete answer to this question is beyond the scope of this paper, we
are able to conduct a simple preliminary evaluation. For a policy maker
in an area where 𝜙 = 0, even if there is no permanent shift to weighing,
it may be cost-effective to lease trucks capable of weighing for the
duration of an intervention. A temporary weight database can then be
used to construct accurate feedback. Since the net benefits presented
in Table 5 are generally largest for quarterly feedback, we assume that
this is the frequency chosen, and that eventual ATEs are equal to those
estimated for that treatment.

The added cost of installing and operating weighing equipment
naturally drives up project implementation costs. Using cost data from
a Swedish firm that supplies such solutions (Botek Systems AB, personal
communications) and an estimate from Partille municipality of the
number of trucks needed per single-family homes treated, we find that

39 Both municipalities apply UBP to both residual and food waste, so fee
avings are zero whenever a household reduces residual waste through in-
reased sorting of food waste. Given our assumption that food-waste recycling
s behind 25% of feedback-driven reductions in residual waste, we compute
ee savings as 𝜙 × 𝐴𝑇𝐸 × 0.75.
40 In Partille, the fitted lines suggest that effects are without bound, in-
reasing rather than diminishing over time. It seems prudent not to use these
oefficients for extrapolation. Nevertheless, to provide a rough comparison
ith results for Varberg, we first sum over the longer-run estimates in online
ppendix Table H.9 and, for periods 𝑡 > 18, simply keep adding the last effect
14

stimated in that table up until period 120.
net benefits are positive as long as the fixed installation costs can be
spread over multiple interventions (e.g., by leasing the same trucks to
several municipalities), and mean WTP in the targeted area(s) exceeds
e−2.29/household. If so, the additional cost of weighing is more than
offset by the larger benefit of reducing waste where no pre-existing
marginal incentive exists.

Finally, beyond net benefits, we might also consider whether norm
feedback is cost-effective compared with other non-price policies that
municipalities could use to reduce household waste. Foremost among
these is arguably the replacement of drop-off facilities for packaging
with curbside collection, thus reducing household effort and (to some
extent) monetary costs associated with recycling. A policy report by
the Swedish Waste Management Association (2016), a stakeholder
organization mainly representing municipalities and public utilities,
estimates the added administrative cost of operating such systems. Two
types of curbside collection are considered: optical sorting and four-
compartment waste bins. For municipalities with similar characteristics
to Varberg and Partille, additional costs of the two system variants are
calculated at 130 and 60 SEK per household and year, respectively.
Taken over a period of 1.7 years, these figures translate into e21.82
nd e10.07 per household.

By comparison, our total operation cost of providing monthly norm
eedback is e4.57 per household, and quarterly feedback costs only
e1.52 per household.41 As a result, curbside collection would need
to produce effects on residual waste several times larger than those
reported in this paper to compete with feedback interventions. Existing
policy evaluations (e.g., Bucciol et al., 2015; Best and Kneip, 2019)
suggest effects of about 20%, so the cost-effectiveness of norm feedback
seems at the very least on par with alternative policies for reducing
household waste.

8. Concluding remarks

This paper has presented results from two large-scale behavioral in-
terventions that apply Home Energy Report-type feedback in the waste
domain, providing information to households on how much residual
(unsorted) waste they generate compared to neighbors. Depending
on the treatment and specification, we estimate immediate average
treatment effects (waste reductions) of 7%–12%. These appear to be
driven mainly by increased recycling of food and especially packaging
waste. The effects are very persistent, with one-third or more of the
immediate reduction remaining one year after treatment ended. Indeed,
in one experiment, effects show no sign of attenuation.

We have also used incentive-compatible survey measures of house-
hold WTP for feedback to estimate the intervention’s net social benefits.
Results largely depend on the sign of mean WTP and on whether exist-
ing waste fees internalize the marginal social cost of residual waste.
Feedback has positive net benefits mainly in Partille, where mean
WTP is positive and weight-based fees are significantly below a (high)
estimate of marginal social cost. Nevertheless, feedback seems highly
cost-effective compared to curbside packaging collection, arguably the
main alternative non-price policy to reduce household residual waste.

We also conduct an exploratory extension of the cost–benefit anal-
ysis to the common limiting scenario where there is no prior UBP or
weighing of household waste. In this case, net benefits are positive
whenever WTP is larger than e−2.29/household (which holds true for
Partille but not Varberg). If so, the added cost of installing weighing
equipment is more than offset by the benefit of reducing waste where
no marginal incentive exists. These results may be conservative for

41 Including our estimate from online Appendix F.1.3 of the ‘‘switching
cost’’ associated with fitting collection trucks with weighing equipment would
increase these figures by e4.82 per household. However, the costs of curbside
collection reported above also do not include likely substantial fixed switching
costs in terms of purchasing waste bins and vehicles, etc.
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two reasons. First, the analysis assumes treatment effects of equal
magnitude as in our experiments, but effects from feedback may be
larger in areas without UBP, where more ‘‘low-hanging fruits’’ are likely
to remain than in already regulated areas.42 Second, municipal utilities

ay wish to conduct weighing for other reasons, including simply to
ollect accurate waste data, implying co-benefits in terms of improved
ocal governance.

One complication in relation to policy is that waste from individual
ouseholds can typically be identified only in single-family housing.
hus, accurate household-level feedback cannot be applied in apart-
ent blocks. Unlike for electricity, where smart metering is often

vailable, there is no corresponding ready-made solution in the waste
omain. Technical potential does exist: for example, utilities could issue
ousehold-specific waste bags and base feedback on the number of bags
hrown. An alternative which remains little explored is to provide feed-
ack at a more aggregated level, e.g., by apartment building. Clearly,
his may introduce substantial free-riding incentives between house-
olds. Nevertheless, existing feedback interventions already presuppose
ome degree of cooperation between household members (as also noted
y Brülisauer et al., 2020), and we believe aggregate feedback should
e explored in future research.

Another refinement of the HER design that may be particularly
ertinent for waste is to improve reference-group comparability. Our
eedback follows most of the HER literature in adjusting for relatively
ew household characteristics, which runs the risk of reducing engage-
ent if respondents perceive the comparisons as irrelevant or unfair.
hile this problem is not unique to our study, the relative ease of deep

uts in residual waste means that, for example, it is difficult to distin-
uish true low-use behavior from temporary absences (traveling, etc.)
n our data. Thus, beyond controlling for more household observables
n reference-group construction (possibly with the aid of predictive
odeling), future studies in the waste domain could combine waste
ata with high-frequency data on electricity and/or water use where
bsent residents can be more accurately identified and adjusted for.
uch rich data would also make it possible to provide feedback along
ultiple dimensions within a single sample, allowing effect sizes to be
ore directly compared across domains than we are able to do in this
aper.

In the meantime, our results already provide clear proof of concept
hat norm-based feedback can be a useful tool for reducing waste in line
ith policy goals. More broadly, they imply that the (cost-)effectiveness
f feedback is not limited to the relatively well-researched water and
nergy domains, and may be even greater for other types of behavior.
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