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A B S T R A C T
Established behavioral insights may not generalize when applied to under-represented target populations. 
Iterative approaches that identify such external validity failures to guide policy deployment at scale and to in­
form subsequent design reˡnements gain importance. We implement this approach in a l eld experiment involving 
1800 low-income households in one of the largest energy e˥ciency assistance programs. Despite extensive co-
designed vetting, most behavioral insights proved ine˫ective or ine˥cient. Notably, loss-framed interventions 
backˡred by reducing take-up. We rank insights by their Marginal Value of Public Funds (MVPF), identifying 
‘unexpected winners’ that outperform alternatives rated as promising by experts and laypeople. Our analysis sug­
gests that factors speciˡc to low-income households, such as scarcity, fundamentally alter behavioral responses, 
necessitating guided deployment to optimize future public assistance design. 

1 . Introduction
“Behavioral insights” such as loss framing, reminders or peer compar­

isons have increasingly been recommended to (OECD, 2025; Hallsworth, 
2023) and deployed by policy-makers in industrialized countries be­
cause they promise to combine reliable e˫ectiveness, low demands on 
public budgets, and high acceptance among the public (Halpern and 
Sanders, 2016; Gopalan and Pirog, 2017). At the same time, a growing 

body of work cautions that such insights may not be externally valid 
across environments and populations, in particular when the target 
group was systematically under-represented or even absent from the 
evidence base on which the insights were built (Bryan et al., 2021;
Hallsworth, 2023). For program managers considering whether to de­
ploy a well-established insight in their context, this raises at least three 
practical tasks: detecting problems of external validity before they af­
fect the target population at scale, guiding the program design away 
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from detected failures, and learning from such failures for future policy 
design.

This paper reports on a co-designed randomized controlled trial 
(RCT) of behavioral insights carried out over a year as part of an over­
haul of one of the world’s largest energy e˥ciency assistance schemes. 
The target group of this scheme – with an annual budget exceeding 12 
million euros – are recipients of federal income support in Germany. The 
objectives and constraints of the policy overhaul are common in public 
policy. The objective was to improve the e˫ectiveness and e˥ciency 
of a core part of the scheme, the so-called “Refrigerator Replacement 
Program” (RRP). The four main constraints were: budgetary, necessi­
tating low- or zero-cost changes; practical, requiring changes scalable 
across 150 project sites; political, precluding changes that undermine a 
redistributive climate policy measure; and ethical, ruling out changes 
that are harmful to the vulnerable target group.

In this setting, we present an RCT-based approach for detecting 
problems of external validity of program alternatives within this pro­
gram and for guiding at-scale deployment of those alternatives that 
deliver detectable improvements in both e˫ectiveness and e˥ciency. 
In this “guided approach”, co-designed behavioral insights are not only 
screened for compliance with the SANS conditions1 for scalability (List, 
2020) but also randomly administered to target subjects over a mean­
ingful period. They are additionally evaluated ex-post for e˫ectiveness 
and ranked by their change in social welfare, using the marginal value 
of public funds (MVPF) as an e˥ciency metric (Hahn et al., 2026). This 
sequence of steps – pre-screening, piloting, and ex-post evaluation prior 
to scale-up – contrasts with a more conventional, “unguided” deploy­
ment path, in which a behavioral insight with a strong track record 
elsewhere is adopted directly on the strength of that track record. In 
our context, this guided approach resulted in the random assignment – 
over the course of one year – of target households from a random sample 
of program sites to three behavioral insights (loss framing, reminders, 
peer experience) in eight treatment arms, testing for treatment e˫ects 
and assessing their MVPFs.

The co-design process underpinning our RCT engaged policy-makers 
and built on several blocks of prior knowledge at the pre-screening 
stage. First, it relied on existing evidence of behavioral insights and their 
applicability to Germany, ranging from meta-studies of multi-country 
evidence (Khanna et al., 2021; Composto and Weber, 2022) to house­
hold investments in energy e˥ciency durables (Silvi and Padilla Rosa, 
2021; Park et al., 2023) and voucher-based public policy programs 
(Banerjee et al., 2023; Bergman et al., 2024). Second, it drew on program 
evidence that small procedural changes to the RRP were capable of de­
livering measurable improvements in performance (Chlond et al., 2025). 
Third, it integrated tacit and explicit practitioner knowledge elicited 
through a series of workshops with local site managers to jointly identify 
suitable interventions, thus responding to concerns over poor external 
validity threatening the ethical and political constraints of the program. 
Support for such concerns came from prior evidence (e.g., Bronchetti et 
al., 2013; Linos et al., 2022; Domurat et al., 2021; Holzmeister et al., 
2022) that demonstrated that low-income households respond di˫er­
ently to seemingly well-established behavioral insights, sometimes even 
in the opposite direction. Fourth, we built on predictions both by ex­
perts and by members of the general public who were asked to vet two 
of the program alternatives for expected impacts. The result of this pro­
cess was three behavioral insights to be tested as potential solutions that 
also respected the budgetary and practical constraints.

Using this guided approach in our context, we ˡnd an unexpect­
edly low external validity of common behavioral insights: the majority 
of program alternatives fail to deliver improvements both in e˫ective­
ness and e˥ciency relative to the management baseline. In fact, despite 
extensive vetting through co-design, some behavioral insights not only 

1 These conditions impose a burden of proof on the experimenter with respect 
to selection, attrition, naturalness, and scaling of the experiment.

fail to deliver improvements, but actually backˡre. In our RCT, for 
example, loss framing (Kühberger, 1998; Homar and Cvelbar, 2021), 
widely regarded as relying on a ‘behavioral principle’ (OECD, 2025) 
and predicted to raise performance, leads to signiˡcantly worse e˫ec­
tiveness than the management baseline. Reminders, another mainstay 
of behavioral insights (Guyton et al., 2016; Gravert, 2021), similarly 
reduce e˫ectiveness. Given their demonstrated e˫ectiveness in similar 
circumstances, geographical and otherwise, their present performance 
does not conclusively prove failure, but rather highlights the risk of their 
at-scale deployment among underrepresented target groups. In such a 
setting, an unguided deployment which neither screens co-designed be­
havioral insights for their scalability nor evaluates them ex-post with 
respect to their e˫ectiveness faces the risk of violating ethical con­
straints (Barrett et al., 2019). Beyond questions of e˫ectiveness, an 
unguided deployment can also violate political or welfarist constraints 
that take into account the e˥cient use of public funds dedicated to the 
program. This is the case when policy alternatives fail to deliver com­
pensating improvements in e˫ectiveness in return for higher program 
costs. In our context, this became evident in the low MVPF of reminders 
as a policy alternative, which reˣected not just low e˫ectiveness, but 
also increased cost of sending reminders. Taken together, our evidence 
cautions against unguided deployment of established behavioral inter­
ventions in ethically problematic and politically charged contexts while 
our approach could provide a possible template for a guided policy
overhaul.

Corollary evidence from the RCT supports learning for future poli­
cies by providing insights into the channels that caused loss framing 
and reminders to fail in our setting. First, on loss framing, our ev­
idence is consistent with the idea that in terms of prospect theory, 
low-income households tend to use reference points for assessing gains 
and losses from investing in energy e˥cient appliances that are sig­
niˡcantly shifted to the left of those used by the average household 
(Kószegi and Rabin, 2006). It is consistent with evidence that loss toler­
ance is more prevalent among those with experience of adverse l nancial 
shocks (Chapman et al., 2025). It is also consistent with arguments that 
households experiencing scarcity display more risk-seeking and impa­
tient attitudes (Haushofer and Fehr, 2014; Mullainathan and Shaˡr, 
2013). Second, the evidence on reminders is consistent with the idea 
that the announcement of a reminder leads to lower task completion 
because anticipated reminders undermine one’s own investment in im­
perfect memory (Ericson, 2017). This may be particularly relevant to 
cognitively stressed low-income households.

The paper is structured as follows. Section 2 situates our inquiry 
in the existing literature and details its contributions. Section 3 de­
scribes our experimental design, providing detailed information on the 
procedures of the energy e˥ciency assistance scheme, the treatment 
development and rationale, and the rollout of the RCT. We next de­
scribe our household sample in Section 4 and our empirical strategy 
in Section 5. Section 6 contains the key results on treatment e˫ects 
that support the ranking of design alternatives based on their MVPF in 
Section 7. Section 8 concludes.

2 . Literature and contribution
Our study lies at the intersection of four strands of literature. First, 

it contributes to an emerging literature on the e˫ects of behavioral 
interventions on the performance of governmental welfare and pub­
lic assistance programs. Much of this literature concerns questions of 
e˫ectiveness, for example regarding the take-up of Earned Income 
Tax Credit (EITC) beneˡts (Linos et al., 2022; Bhargava and Manoli, 
2015), unemployment beneˡts (Bruckmeier et al., 2021), the SNAP food 
stamp program (Finkelstein and Notowidigdo, 2019), claims for tax 
refunds (Bronchetti et al., 2013), waivers for citizenship applications 
(Hotard et al., 2019), medicare insurance (Brot-Goldberg et al., 2023) 
or energy subsidies (Hahn and Metcalfe, 2021). A common l nding is low 
e˫ectiveness: take-up rates are usually rather modest. For example, only 
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14 percent claim the EITC beneˡts (Bhargava and Manoli, 2015), 6 per­
cent of eligible low-income households enroll in the SNAP (Finkelstein 
and Notowidigdo, 2019) and 4.3 percent claim energy subsidies (Hahn 
and Metcalfe, 2021).

At the same time, this literature reports mixed evidence on the 
e˫ectiveness of di˫erent behavioral interventions on take-up among 
low-income households, including presentational changes in program 
descriptions in letters and reminders about the program. On the one 
hand, Bhargava and Manoli (2015) observe that enhancing information 
letters by simplifying the explanation of process and salient program 
beneˡts can increase EITC take-up from 14 to 31 percent. In the con­
text of fee waiver applications, Hotard et al. (2019) show information 
nudges to be e˫ective as they increase application rates by 8.6 percent­
age points. Similarly, Finkelstein and Notowidigdo (2019), ˡnd positive 
e˫ects of an information letter on SNAP take-up, in particular when the 
information letter further includes assistance information. Looking at 
the impact of di˫erent mail reminders on tax compliance, Hallsworth et 
al. (2017) report that the reminders increase tax compliance among de­
layed taxpayers. While there is no signiˡcant di˫erence between gain- 
and loss-framed reminders in the whole sample, loss-framed messages 
have a particularly strong impact for those with the largest debt. On 
the other hand, Hahn and Metcalfe (2021) investigate the impact of 
di˫erent information letters on enrollment rates in an energy subsidy 
program. While receiving a letter increases enrollment rates signiˡ­
cantly, the particular behavioral content of the letters appears to be 
less important with, e.g., no di˫erences in enrollment rates between a 
gain and a loss frame. Likewise, Linos et al. (2022) report null-e˫ects 
of information letters that vary content, design, messenger and mode 
on EITC take-up. Some studies additionally examine the role of default 
sets: While Brot-Goldberg et al. (2023) show that default rules can have 
large and persistent e˫ects on enrollment and drug utilization in a vol­
untary drug beneˡts program, Bronchetti et al. (2013) l nd no signiˡcant 
default e˫ect among low-income tax ˡlers. Recently, this literature has 
extended beyond e˫ectiveness to examine welfare through the lens of 
the marginal value of public funds spent on these programs (Hendren 
and Sprung-Keyser, 2020; Hahn et al., 2026). Using the MVPF metric 
forces the researcher to investigate the additional cost of the policy that 
has generated the observed e˫ects, with potentially large impact on how 
policies are ranked.

We contribute to this literature by o˫ering new international ev­
idence on a public assistance program from an OECD country that 
incentivizes investment decisions rather than providing support in cash 
or in kind. While these investments have potential for sustained im­
provements in household ˡnances, they also pose particular challenges 
for low-income households by requiring cash to be diverted from con­
sumption to investment and due to the behavioral challenges speciˡc to 
optimization over a longer time horizon.

Second, the paper contributes to the literature on the external va­
lidity of behavioral insights, in particular in public policy (Pearl and 
Bareinboim, 2011; Allcott, 2015; Degtiar and Rose, 2023). One mani­
festation occurs when priors for expected e˫ect sizes that derive from 
existing empirical evidence are subsequently confronted with divergent 
evidence from a new study population. The inconsistent results reported 
by the literature on take-up of assistance programs discussed above are a 
case in point that external validity cannot be assumed. One threat arises 
when the study sample is not a subset of the target population (Duˣo 
et al., 2007). Understanding more about the extent to which policies 
designed for particular target groups can rely on insights from interven­
tions tested elsewhere is urgently required (Halpern and Sanders, 2016;
Hallsworth, 2023). This is particularly relevant when the speciˡc target 
group consists of vulnerable people, given the possible ethical implica­
tions of a limited external validity (Barrett et al., 2019). We contribute to 
this literature by conducting an RCT in which we test behavioral insights 
that have consistently performed successfully in the general population. 
By showing that applying some of these insights to a new target pop­
ulation not only fails to improve performance, but can also lower it, 

we demonstrate the importance of heterogeneity in behavioral public 
policy.

The third strand of literature to which we contribute deals with 
the impact of behavioral interventions on energy savings and e˥ciency 
among low-income households. While information nudges perform well 
in the ˡeld of energy e˥ciency investments within broader population 
samples (Khanna et al., 2021), little is known about the e˫ectiveness of 
behavioral interventions on investments by low-income households. One 
particular reason is that empirical evidence from non-targeted energy 
savings programs provides only limited insights as low-income house­
holds are more likely to drop out of those programs compared to an 
average household. For example, Löschel et al. (2023) ˡnd that low-
income households are less likely to adopt a cost-free energy saving app. 
Allcott (2011) reports that low-income households are more likely to 
stop receiving the cost-free home energy reports (HERs), which aligns 
with follow-up work stressing a relatively lower willingness to pay for 
such reports among tenants (Allcott and Kessler, 2019). Closest to our 
work are studies by Fowlie et al. (2015, 2018) reporting low take-up 
of ˡnancial incentives among low-income US households for energy ef­
ˡcient building weatherization, even though the gains of doing so are 
high. Using a randomized encouragement design, Fowlie et al. (2015) 
ˡnd that despite massive additional expenditures ($1000 per audited 
household), audit take-up only moderately increases from 1 percent 
in the control to 6 percent in the encouraged group. The energy e˥­
ciency literature has recently started to provide a more nuanced picture 
of the external validity of behavioral interventions to new study popu­
lations. For example, Bonan et al. (2021) show that prime-augmented 
HERs may even backˡre if they address customers who hardly engage 
in pro-environmental behavior. Our study contributes by providing ad­
ditional evidence from low-income households on the heterogeneity of 
treatment e˫ects in the context of energy e˥ciency. This evidence not 
only includes the presence of weak, but also the presence of negative 
e˫ects on program take-up.

Finally, our study relates to a recent interest within public economics 
in how to combine existing evidence, prior beliefs and purposeful exper­
imentation to best inform policy design before scaling (List, 2020, 2024;
Athey, 2025). We contribute to this idea of adaptive public policy design 
through an e˥cacy trial that implements this practice for a nationally 
consequential policy. This study exempliˡes how governments could 
institutionalize iterative, evidence-based optimization in redistributive 
climate policy without compromising scalability or equity objectives.

3 . Experimental design
3.1 . The “Energy-Saving-Check” and “Refrigerator Replacement Program”

The “Energy-Saving-Check” (SSC, German: Stromspar-Check) is the 
largest nation-wide energy e˥ciency assistance scheme in Germany, 
that aims to lower the energy bills of low-income households by reducing 
their electricity and water consumption. The SSC is implemented jointly 
by the German Caritas Association, one of the largest social welfare or­
ganizations in the country, and the Association of Energy and Climate 
Protection Agencies (eaD). Annual funding of around 12 million euros 
is provided by the German Federal Ministry for the Environment on 
the basis of program grants with a funding cycle of three years, subject 
to successful (re-)application by the implementing agencies. Within the 
SSC, since 2009 the Refrigerator Replacement Program (RRP; German: 
Kühlgeräte-Tauschprogramm) has been o˫ering cash vouchers to house­
holds on federal income support2 in order to encourage households 
to replace their old and ine˥cient refrigeration devices with modern, 
highly e˥cient models. The rationale for enrolling households in the 

2 To qualify, the household needs to receive federal income support 
such as unemployment beneˡts (“Arbeitslosengeld II”), housing allowances 
(“Wohngeld,” “Sozialhilfe”), low pensions (“Grundsicherung”), child supple­
ments (“Kinderzuschlag”) or beneˡts for asylum seekers (“Leistungen nach 

Journal of Public Economics 263 (2026) 105780 

3 



B. Chlond, T. Goeschl, M. Kesternich et al.

Fig. 1. Procedure of the home audits.

RRP is the large contribution, roughly 25 percent (Bundesverband der 
Energie- und Wasserwirtschaft e.V. (BDEW), 2019), that refrigerators 
make to the electricity consumption of the average German household.3
Di˫erences in refrigerator e˥ciency can therefore signiˡcantly impact 
residential electricity bills.

For recruiting qualiˡed households into the SSC’s home energy audit, 
the program is actively promoted in employment and social assistance 
agencies through both printed and audiovisual materials. Some local 
branches of the social assistance agency mandate the participation of 
households with excessively high energy bills. In addition, active sta˫ers 
provide individualized descriptions of the program using pop-up booths 
in shopping streets and malls. The SSC also maintains a website where in­
formation is available about the RRP in eleven languages. Additionally, 
recruitment takes place directly through the local branches.

The typical home energy audit of the SSC consists of two visits to the 
household by a two-person team within a period of around three weeks 
(see Fig. 1 for a summary of the procedure). During the l rst visit, the “en­
ergy advisors” make an inventory of all electric devices and their usage 
in the household, assess the electricity consumption of refrigerators and 
freezers, and educate the household on electricity-saving behavior. The 
inventory and electricity consumption assessment are used to screen for 
eligibility of the household for the RRP. To be eligible for enrollment, the 
low-income household has to own a refrigerator older than 10 years and 
be expected to save at least 200 kWh annually from a replacement with 
the most energy e˥cient classes of devices on the market.4 The screen­
ing leads to di˫erences in the second visit: Both eligible and non-eligible 
households receive an energy-saving kit.5 Non-eligible households then 
exit the SSC initiative. For eligible households, the second visit con­
tains an additional component in which they are speciˡcally targeted for 
enrollment in the RRP through educational material and promotion.6

An important part of this material is an information letter (see 
Fig. A.1). It contains all relevant information for refrigerator replace­
ment and provides the basis for our experimental variations. First, it 
informs households that they meet the necessary eligibility criteria for 
the RRP and provides an estimate of the expected annual electricity sav­
ings (in euros) from successful replacement (see green box in Fig. A.1). 

Asylbewerberleistungsgesetz”), or the household’s income must be below the in­
come limit for attachment. In 2020, more than 7 percent of German households 
qualiˡed on this basis (Bundesagentur für Arbeit, 2020).

3 We use “refrigerator” to refer to refrigerators, freezers, and combination 
units within the program.

4 The savings expectations are based on engineering estimates: Based on the 
inventory data from the ˡrst visit, SSC sta˫ use a custom database to calculate 
expected savings based on a comparison between the current device and a ref­
erence device of equivalent size and features that belongs to energy class D or 
higher on the EU Energy Label scale. The investment of every eligible household 
passes a cost-beneˡt evaluation.

5 Households receive approximately 70 euros worth of energy-saving kit such 
as LED light bulbs, switchable socket strips, TV standby cut-o˫ switches, timers 
and water ˣow regulators. These items are directly installed by the advisors.

6 Only households that have completed the ˡrst visit of the SSC home energy 
audit can become eligible for the RRP.

Second, it o˫ers a step-by-step explanation of how to request and re­
deem the voucher: (1) eligible households request the voucher at one of 
the local sites, (2) they replace their refrigerator with a new model and 
(3) redeem the voucher in cash after successful replacement. To be able 
to redeem the voucher, a number of criteria have to be met: Households 
need to present their purchase receipt, document that the purchased de­
vice is of EU Energy Label class A, B, C or D, and provide proof that 
the old refrigerator has entered the recycling chain. Households have to 
handle all steps of the refrigerator replacement on their own, including 
identifying and selecting a model that fulˡlls the requirements, (pre-
)ˡnancing the purchase, and organizing the logistics of delivering the 
new and disposing of the old refrigerator. Once requested, the voucher 
is valid for two months. Consequently, there exists a sharp ‘deadline’ for 
when the voucher expires.

Our experimental interventions vary the presentation of key infor­
mation, as – common in many public policy assistance programs – 
the letter is a crucial bottleneck in the process. As Fig. 1 shows, only 
34 percent of all eligible households request the voucher. Conditional 
on the request, 68 percent of the households then successfully replace 
their refrigerators. The overall replacement rate of 23 percent conse­
quently falls substantially short of the 100 percent replacement target 
that the program designers aim for given the cost-beneˡt evaluation of 
the investment that every eligible household has passed.7

3.2 . Treatments
Our study design builds on several blocks of prior knowledge. One 

source is the insights from behavioral economics. The second source 
is the results of our own empirical research on the impacts of past 
program changes on the performance of the RRP. Prior own evidence 
from the RRP showed that the impacts of program changes on pro­
gram performance are sometimes hard to predict (Chlond et al., 2025): 
On the one hand, program take-up among low-income households was 
higher for higher levels of ˡnancial assistance. This conformed to intu­
itive expectations of both researchers and program sta˫. On the other 
hand, program take-up was higher when assistance procedures relied on 
elective (opt-in) rather than default enrollment and imposed rigid dead­
lines for replacement. This ˡnding was unexpected and highlighted that 
underappreciated behavioral mechanisms can lead to surprising perfor­
mance e˫ects. The third source is the views of program o˥cials and 
local site managers who were engaged in the co-design process. The 
co-design process with program o˥cials and local site managers com­
prised the joint development and pre-screening of a set of treatment 
variations within or alongside the information letter. The aim of the 
process was to ensure e˫ortless administration, high naturalness, and 
full scalability to all program sites in the country.8 The fourth source of 

7 The average new appliance purchased in the program costs 557 euros. 
Including the federal subsidy of 100 euros that all participants receive, the in­
vestment pays back after 4.1 to 4.7 years at respective discount rates of 0 percent 
and 5 percent. In addition, further state and local subsidy programs top up the 
federal subsidy at several branches. This further shortens the pay-back time.
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Fig. 2. Treatment variations: gain and loss frames.

priors is third-party beliefs about the likely performance improvements 
generated by two speciˡc interventions through an incentivized predic­
tion task in 2022. Two types of third parties were targeted, experts and 
members of the general public. The experts were recruited through a 
systematic collection of municipal social assistance o˥cers’ email ad­
dresses and through an email campaign among branch managers of the 
SSC program who were not working at treatment sites. This yielded 75 
unique responses. The members of the general public were recruited via 
the research platform Proliˡc, with participation restricted to adults re­
siding in Germany. This yielded 500 unique responses. Participants were 
invited to bet on the take-up rate achieved by the intervention compared 
to the rate achieved by the baseline, with rewards of up to 5 euros to be 
paid upon completion of the intervention.

Our interventions target three main dimensions. First, reported an­
nual savings in electricity costs can be framed as a ˡnancial GAIN or as 
a ˡnancial LOSS if households forgo the replacement opportunity. The 
framing dimension is captured in our ˡrst three treatments. The GAIN 
treatment simply reˣects a legacy version of the information letter (see 
Fig. A.1). The key sentence in GAIN reads “If you purchase a new, highly 
e˥cient appliance, you could save around … euros per year in electric­
ity costs!” (green box). The RRP management planned to extend this 
legacy condition by adding a small purse pictogram with money falling 
in to the left of the text (see Fig. 2a) and to introduce this extended ver­
sion as the new baseline, replacing the legacy version. We refer to the 
management’s own baseline version as GAIN+ treatment. In contrast to 
the management’s baseline, a LOSS+ treatment points out the expected 
foregone savings in annual electricity costs from non-replacement, with 
the purse pictogram rotated by 180 degrees and money falling out (see 
Fig. 2b). Here, the key sentence reads as follows: “If you do not replace 
your old refrigerator with a new highly e˥cient one, you will miss out 
on saving … euros per year in electricity costs!”

As a second dimension, we randomize whether the reported annual 
savings in electricity costs stem from individual-level, appliance-speciˡc 
engineering estimates (as in the legacy and baseline versions) or from 
actual replacements recently conducted in households with similar char­
acteristics, speciˡcally the household composition.9 The engineering 
estimate of savings reports the expected annual savings in individual 

8 We started with a set of interactive online workshops where we jointly iden­
tiˡed potential barriers to accessing the most economically relevant information 
provided in the letter and discussed a ˡrst set of potential interventions. One re­
sult of this process was an emphasis on sensitive language; e.g., we proposed 
a social norm intervention in the spirit of Allcott (2011), which was rejected 
by site managers. They were afraid of social pressure resulting from the letter 
and an additional burden placed on the low-income households. The treatments 
were then reˡned in a series of follow-up workshops and pre-tested in a pilot on 
site (in Frankfurt) from July to December 2021.

electricity costs based on a comparison between the current actual elec­
tricity consumption levels of the old device and a hypothetical reference 
device of equivalent size and features that meets the necessary e˥ciency 
levels. To realize these ˡnancial gains, it is assumed that households 
exactly follow the suggested protocol and purchase a model similar to 
the reference device provided, that they use it in an optimal sense and 
that there is no change in individual electricity prices. The ‘peer ex­
perience’ of savings, by contrast, reports the realized monetary values 
based on actual replacements by a peer group with a similar household 
composition.10

We highlight the reference to peer-behavior in two ways. First, 
we add a pictogram of the respective household composition on the 
right side of the savings information. Second, we alter the text to read 
“Households like yours that purchased a new, highly e˥cient appli­
ance, saved …” (GAIN+ PEER) as opposed to “If you purchase a new, 
highly e˥cient appliance, you could save …” (GAIN+) (see Fig. 3a). The 
alterations are similar in the loss frames (see Fig. 3b).

As a third treatment dimension, we introduce di˫erent reminders for 
eligible households (see Fig. 4). In a ˡrst variant, households were in­
formed that they would be recontacted 4–8 weeks after receiving the 
information letter and asked about their preference for being contacted 
via SMS or via letter. To our knowledge, every household provided con­
sent to be contacted via SMS or letter such that there is no self-selection 
into receiving a reminder. Conditional on households’ preferences, local 
site managers then sent out a letter- or SMS-based reminder at the be­
ginning of a new month (when households usually are more ˡnancially 
liquid; see Fig. 4a for a translation of the reminder text). In a second 
variant, the energy advisor placed a tag, which displays the logo of the 
Energy-Saving-Check program, inside the refrigerator during the second 
visit (see Fig. 4b).11 In contrast to the information letter variations, the 

9 Previous research has shown that even for the same model, engineering es­
timates and realized savings can di˫er substantially, with engineering estimates 
typically overstating realized savings (Davis et al., 2014; Goeschl, 2019).
10 We calculate the annual savings realized by peers by determining the aver­
age di˫erence in energy costs between the old appliance and the new appliance 
actually purchased for the following six household types, representing 89 per­
cent of all households in our sample: single person (26 euros savings); two adults 
(29 euros savings); two adults and one child (30 euros savings); two adults and 
two children (36 euros savings); two adults and three or more children (41 euros 
savings); single parenting (30 euros savings).
11 During the co-design process, we discussed whether the tag should be placed 
inside or outside the refrigerator. The program o˥cials and site managers in­
sisted on placing the tag inside the refrigerator as an outside-placement may 
give rise to stigma. Persons visiting the audited household would directly see 
the logo of the program directed at low-income households.

Journal of Public Economics 263 (2026) 105780 

5 



B. Chlond, T. Goeschl, M. Kesternich et al.

Fig. 3. Treatment variations: peer experience gain and loss frames.

Fig. 4. Reminder treatments.

reminders required additional program resources to be spent, estimated 
at 10 euros per eligible household.

We organize these three treatment dimensions in a “2 × 3 + 
Reminder” design, as displayed in Fig. 5. The columns of the table 
capture the ˡrst treatment dimension, the variation in the framing. 
We distinguish between (1) the legacy GAIN frame, (2) the visually 
enhanced management’s baseline frame, i.e., GAIN+, and (3) the visu­
ally enhanced LOSS+ frame. The rows of the table display the second 
treatment dimension, i.e., whether the savings are based on individual 
estimates or peer experience. While the legacy treatment is only com­
bined with the individual savings estimate, we vary for both the GAIN+

and the LOSS+ frame whether they are combined with the individual 
savings estimate or the peer-experienced savings. Finally, we combine 
selected treatments with the third dimension, the reminders. That is, the 
gray l elds in Fig. 5 display treatment versions that we test both with and 
without reminders.12

In sum, we implemented a total of eight di˫erent treatments: (1) 
GAIN (legacy version), (2) GAIN+ (management baseline), (3) LOSS+, 
(4) GAIN+ PEER, (5) LOSS+ PEER, (6) GAIN+ REMINDER, (7) LOSS+

REMINDER, (8) LOSS+ PEER REMINDER. Due to technical issues with 
the database, the legacy GAIN treatment could only be implemented 

12 Note, that this deˡnition is agnostic with respect to the speciˡc reminder 
types. Such di˫erentiation between reminder types is, however, only relevant for 
the GAIN+ REMINDER treatment, which combines (i) the letter/SMS reminder, 
(ii) the refrigerator tag and (iii) both reminder types. In the loss domain, by 
contrast, both the loss frame and the peer-experience loss frame are combined 
with the refrigerator tag and kept separate (LOSS+ REMINDER and LOSS+ PEER 
REMINDER treatment). As a robustness check, we di˫erentiate between the dif­
ferent reminder versions (see Tables B.7 and B.8). This procedure does not alter 
our main observations. We provide a detailed description of how our analysis in 
the paper has evolved compared to our PAP in Appendix D.

at the end of July 2022. To meet our scalability targets, the random­
ization process was carried out automatically by the program database. 
Households are allocated to the di˫erent treatments with equal proba­
bilities, except for (6) GAIN+ REMINDER to which we over-sampled.13

3.3 . Hypotheses
With our experimental design, we test four main hypotheses. Our l rst 

hypothesis concerns the impact of using visual enhancements or visual 
aids in an information letter about energy e˥ciency in order to reinforce 
the verbal message (Stojanovski et al., 2020; Allcott and Greenstone, 
2024). In our case, the visual enhancement consists of adding the purse 
pictogram to the letters, to emphasize the monetary consequences of 
program participation. We expect that such enhancements will be con­
ducive to increasing attention to the message of the letter, in particular 
the reference to the euro-denominated savings in the message body.

H1: Refrigerator replacement rates will be higher in GAIN+ com­
pared to GAIN.

The second hypothesis concerns possible performance di˫erences be­
tween the GAIN+ frame and an alternative LOSS+ frame. Such message 
framing, in particular the framing of the same material outcome as a 
gain or a loss by shifting the mental reference point, has received atten­
tion in the literature on enhancing household energy e˥ciency for some 
time.14

The cumulative evidence that favors loss over gain framing in the 
context of energy e˥cient behavior leads us to hypothesize that the vi­
sually enhanced loss frame will give rise to a higher probability that 
households will replace their refrigerators than the visually enhanced 
gain frame. Both treatments increase the salience of estimated savings 

13 The reason is that the GAIN+ Letter/SMS treatment was originally designed 
to feature two treatments, one using an SMS reminder, the other a mailed letter 
reminder. Feedback during the pilot phase led to the decision to combine the 
two treatments into one, with the household choosing how the reminder would 
be provided. In addition, as discussed above, treatment group (6) includes par­
ticipants who are reminded by the SMS/letter, participants who are reminded by 
the tag and participants who are reminded by both the tag and the SMS/letter.
14 A starting point is the seminal study by Gonzales et al. (1988) who exam­
ined the e˫ect of exposing 408 homeowners who qualiˡed for enrollment in an 
energy e˥ciency retroˡt program to one of two di˫erent home energy audit 
procedures. In one, homeowners were visited by auditors trained to employ a 
gain framing by referring to the beneˡts of enrolling; in the other, by auditors 
trained to employ a loss framing by referring to the foregone beneˡts of not en­
rolling. They l nd signiˡcantly higher enrollment among homeowners in the loss 
framing treatment. This ˡnding seems to reˣect a higher impact of loss framing 
on behavior in general (see Kühberger (1998) for a meta-study) and in the spe­
ciˡc context of energy savings (see Homar and Cvelbar (2021) for a meta-study 
covering 61 studies). Recent studies by DeGolia et al. (2019); Park et al. (2023) 
point in the same direction. The ˡnding is not universal, however: Some studies 
also l nd no (e.g., Sussman et al., 2018) or the opposite (e.g., Chen, 2023) e˫ect.
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Fig. 5. Treatment dimensions.

via the added pictogram, but in line with much of the literature, we 
expect the loss frame to provoke stronger behavioral reactions.

H2: Refrigerator replacement rates will be higher in the LOSS+ frame 
compared to the GAIN+ frame.

In our third-party belief elicitation, experts and the general pub­
lic were asked to predict whether the LOSS+ frame would lead to 
higher replacement rates than the legacy GAIN frame. Both predicted 
a signiˡcantly better performance, with experts predicting an average 
improvement of 3.2 percentage points in the replacement rate and the 
general public predicting an average improvement of 8.0 percentage 
points. These predictions broadly agree with the literature, but are 
weaker than H2 because the comparison group is the legacy design 
(GAIN) rather than the baseline (GAIN+).

One threat to H2 comes from the lack of speciˡc evidence on how 
low-income households respond to di˫erent message framings. This is 
relevant because most of the cumulative evidence of framing is derived 
from the average household, with little discussion on whether the same 
patterns also apply to our speciˡc low-income demographic.15

Thirdly, we hypothesize a reference to peer experiences to both re­
duce uncertainty about the actual electricity savings from replacement 
and to increase the personal relevance of the program. First, when ex­
pected electricity savings are calculated based on individual projected 
estimates, it may not be entirely clear to the household what “can save 
you” (as indicated in the information letter) exactly means in this con­
text. By contrast, the peer experience design is more speciˡc in that 
it provides estimates of realized savings by similar households. Second, 
considering the large literature on peer e˫ects in energy behavior (e.g., 
Allcott 2011, Andor et al. 2020), households may have higher trust in 
information stemming from households in similar socioeconomic cir­
cumstances.16 Hence, the peer experience may decrease the degree of 
uncertainty and increase the attachment that households place on the 
possible savings.

H3: Holding communicated savings ˡxed, refrigerator replacement 
rates will be higher in the peer reference design compared to a design 
that relies on individual projected estimates.

The fourth hypothesis focuses on the e˫ect of reminders as a tool to 
overcome potential procrastination and inattention to the replacement 
choice. There is previous evidence from the RRP that inattention and 
procrastination may have a role to play in explaining low levels of re­
placement among eligible households. Speciˡcally, Chlond et al. (2025) 
ˡnd that inadvertent program changes in the RRP that also involved 

15 For example, Mullainathan and Shaˡr (2013) show skepticism about the 
e˫ectiveness of loss frames among low-income individuals. Relatedly, Fehr et 
al. (2022) show that ˡnancial scarcity decreases the likelihood of exhibiting an 
endowment e˫ect, a mainstay of behavioral biases among experimental subjects.
16 Likewise, research in other domains also provides evidence of social learning 
from peer behavior, e.g., Escobar and Pedraza (2023) in the context of stock 
trading and Abdulai (2023) in the context of agricultural farming technologies.

having to set households deadlines for replacing their refrigerators led 
to increased take-up. This is a pattern that would be consistent with 
households su˫ering from procrastination, which can be overcome by 
deadlines as a form of goal setting.

Reminders are a popular strategy for overcoming procrastination 
and inattention among targeted individuals. This popularity can be 
explained by the e˫ectiveness of reminders across a wide range of be­
havioral contexts (see Gravert (2021) for a recent review), with even 
small reminders frequently resulting in sizable e˫ects. This also holds for 
the context of energy e˥ciency (Fang et al., 2023) and for low-income 
households (Karlan et al., 2016; Guyton et al., 2016). The behavioral 
economics of reminders emphasizes limited attention (Karlan et al., 
2016) and the interplay of present bias and limited memory (Ericson, 
2017) as drivers of why households pay insu˥cient attention to the fu­
ture beneˡts of an action (here, the future savings from replacing the 
appliance), and overemphasize the current cost (here, the outlay for re­
placing the appliance), leading them to postpone – and ultimately forgo – 
an otherwise beneˡcial investment. Reminders intervene in this process 
by lowering the cost of attention and/or overcoming limited memory. 
On this basis, we predict that the e˫ect of reminders on replacement 
behavior is positive.

H4: Refrigerator replacement rates will be higher in the reminder 
treatments than in the non-reminder treatments.

In our third-party belief elicitation, experts and the general public 
were asked to predict whether the tag reminder would lead to higher re­
placement rates compared to no reminder. Both predicted a signiˡcantly 
better performance, with experts predicting an average improvement 
of 8.3 percentage points in the replacement rate and the general pub­
lic predicting an average improvement of 9.9 percentage points. These 
predictions again broadly agree with those in the literature.

Threats to H4 come from two di˫erent areas. One area is the fact 
that in our experiments, reminders are always combined with a gain or 
a loss framing. The reminder e˫ect may therefore depend on the initial 
frame presented in the information letter, and thereby on the ˡrst-order 
e˫ects of this framing (see H2). At least two issues arise as a result. One, 
the frame could a˫ect the composition of the sample being recontacted 
for the reminder.17 Two, the frame could determine the direction of the 
reminder e˫ect, reinforcing or possibly reversing the e˫ect.18

The other area of threat stems from asking households whether they 
prefer to be contacted via SMS or letter. Being aware that there will 

17 For example, if H2 holds and low-income households have higher replace­
ment rates under a loss than under a gain frame, then the sample that has not 
redeemed the voucher yet at the time of reminder mailing and, hence, receives 
the reminder will not be the same across the two framings.
18 For example, if H2 does not hold and households are discouraged by a loss 
frame, then a household can make sure that they will not be exposed to a loss 
frame again by replacing the refrigerator. Therefore, the added reminder may 
reverse the framing e˫ect and increase the incentive for replacement.
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be some form of a reminder could lead to an ‘anticipation’ e˫ect that 
could exacerbate rather than mitigate procrastination (Ericson, 2017). 
The reason is that anticipating future reminders, the household will l nd 
it in its interest to allocate even less costly mental e˫ort to acting on 
the decision situation than when not anticipating being reminded. This 
anticipation e˫ect may indeed be negative and contribute to lower re­
placement rates in those reminder treatments that elicit preference for 
receiving a letter or SMS message. The treatment that uses a tag, on the 
other hand, would be expected to be una˫ected by such an anticipation 
e˫ect since the tag is present from the beginning and for as long as the 
household leaves it in place.

3.4 . Selection and training of sites
To address potential concerns about site selection and to support the 

scaling idea of our interventions, we randomly selected a number of lo­
cal sites that were invited to participate in our ˡeld experiment. To this 
end, we collected data on the number of long-term unemployment ben­
eˡt recipients in the 158 municipalities in which an SSC ˡeld o˥ce is 
located. We determined weights that reˣect the share of the number of 
beneˡt recipients in the service area of a site relative to the total number 
of beneˡt recipients in Germany. Higher weights were consequently as­
signed to sites which cover a greater number of beneˡt recipients. This 
weighting ensures that each individual beneˡt recipient has the same 
probability of being part of our study. The selected sites were then de­
termined by a weighted randomized draw of a pre-arranged number of 
30 out of 150 total sites.

The randomly drawn sites received invitations from the program o˥­
cials to participate in our study in December 2021. 21 out of the 30 sites 
accepted our invitation.19 After the selection process was determined, 
we organized various training sessions to familiarize the site managers 
with the treatments and their implementation. This was necessary as all 
treatments, except for the legacy GAIN treatment, were new to the site 
managers participating in the RCT. The managers of the selected sites 
are distinct from the site managers participating in the co-design process, 
and were not informed about the origins and discussions underlying the 
di˫erent treatments (including management’s request for the baseline 
GAIN+ frame). As a further important aspect of scalability, the program 
database was adapted to assign eligible households to the di˫erent treat­
ments and automatically print out the correct version of the information 
letter. Thus, there is no leeway for site managers’ choices. However, the 
site managers are responsible for sending the SMS and letter reminders, 
and for equipping the auditors with the refrigerator tag. For this reason, 
we prepared an online tutorial, Q&A sessions and information material 
for the site managers.20 Based on the lessons-learned from the pilot, we 
organized a l nal workshop in March 2022 to present the l nalized exper­
imental design and the procedures to the sites selected to participate in 

19 The sites not signing up were Chemnitz, Delmenhorst, Essen, 
Recklinghausen, Moers and two sites in Dortmund. One site (Munich) had 
to be excluded from participation due to a large-scale investment program 
tested in parallel there. A second site (Groß-Gerau-Kreis) experienced an 
unexpected lack of site management, which is why this site was also excluded 
from the study. Three additional sites (Jena, Weimar, Erfurt) as well as a 
pilot site (Frankfurt) showed interest and self-selected into the experiment. 
To avoid resulting selection e˫ects, we exclude these sites from our analysis. 
Hence, our ˡnal sample consists of the following 21 sites: Anklam, six sites 
in Berlin, Bremen, Gelsenkirchen, Hamburg, Ibbenbüren, Cologne, Konstanz, 
Leipzig, Meißen, Mettmann (county), Minden, O˫enburg, Osnabrück (county), 
Saarlouis, Wiesbaden. Fig. A.2 displays all program sites (pink), the sites 
participating in our study (red) and the excluded self-selected sites (violet).
20 The Q&A sessions were held from December 2021 to January 2022. From 
January 2022, the database programming was l nished to include all randomized 
treatments and all study sites received treatment materials. The period between 
January 2022 and April 2022 thus served as an additional trial phase for site 
managers to inform, organize and train their local sta˫ to the interventions.

the RCT. The roll-out started in April 2022. We summarize the timeline 
of the co-design, training and selection process in Table B.1.

4 . Sample description
Our study sample consists of program participants, who (i) received 

their audit during the intervention period from April 1, 2022 to February 
15, 2023,21 (ii) were audited within one of our randomly selected 
intervention sites, and (iii) were found eligible for the refrigerator re­
placement program. In total, we observe 1803 households that fulˡll 
these criteria.

Table 1 displays summary statistics of household information 
recorded in the program database. The average electricity price in the 
billing period 2021/2022 was 33 cents/kWh aligning with the aver­
age nation-wide consumer electricity rates (Federal Statistical O˥ce of 
Germany, 2023b). Electricity consumption is notably lower compared 
to national statistics. While our study participants consume on average 
2926 kWh per year, the German annual average is 3383 kWh (Federal 
Statistical O˥ce of Germany, 2023c). An important determinant of elec­
tricity consumption is whether warm water is produced using electricity 
which applies to 37 percent of our sample. Ex-ante engineering esti­
mates of annual energy savings from refrigerator replacement are on 
average 336.33 kWh. Together with the average electricity price, this 
maps to average annual ˡnancial savings of 112.74 euros. The average 
number of household members in our sample is 2.8 persons – slightly 
higher than the German average of 2.0 household members (Federal 
Statistical O˥ce of Germany, 2023a). Despite larger household sizes, 
the living space (71.1 m2 on average) is lower than the national average 
(96.2 m2, Federal Statistical O˥ce of Germany (2023d)). These di˫er­
ences relative to national statistics are highly plausible given that all of 
our study participants are recipients of federal income support. The ma­
jority of 65 percent are recipients of long-term unemployment beneˡts 
(Arbeitslosengeld II), the second largest fraction of 16 percent receives a 
basic pension (Grundsicherung) and 12 percent receive housing beneˡts 
(Wohngeld).

To check for successful randomization, we test the balance of co­
variates across treatments (see Table B.2). We test for each covariate 
whether the mean in the respective treatment arm is statistically signiˡ­
cantly di˫erent from the mean across all other groups. Some covariates 
show small deviations from the overall mean in speciˡc treatment arms 
but after applying the correction by List et al. (2019) for multiple 
hypothesis testing, only the di˫erence in estimated energy savings in 
treatment groups GAIN and GAIN+ REMINDER is marginally signiˡcant. 
In our preferred estimation speciˡcation, we control for all covariates.22
In addition, we use location-by-month ˡxed e˫ects to exploit the full 
estimation sample and to avoid small sample issues in single treat­
ment cells of interest. As an additional robustness check, we report a 
speciˡcation with advisor ˡxed e˫ects.

The number of observations per treatment is about equally split 
across groups except for two exceptions. First, the number of observa­
tions for the GAIN group is lower due to technical issues that caused 
a delay in implementation. Data collection for this group only started 
at the end of July 2022. Second, the number of observations is higher 
for the GAIN+ REMINDER group, since we summarize three initially im­
plemented treatment groups that vary by the reminder version and we 
oversampled the GAIN+ SMS/Letter REMINDER group as explained in 
Section 3.2.

Fig. A.4 displays the mean and 95 percent conˡdence intervals 
of our main outcome, refrigerator replacement, by treatment group. 

21 The program’s funding period ended on March 31, 2023, but the local sites 
stopped voucher issuance on February 15, 2023, due to accounting procedures.
22 Without applying the multiple hypothesis correction, the price paid for elec­
tricity is signiˡcantly di˫erent from the overall mean for treatment arms GAIN, 
GAIN+ and GAIN+ PEER. Energy consumption turns out to be signiˡcant in 
GAIN+ and estimated savings in GAIN and GAIN+ REMINDER.

Journal of Public Economics 263 (2026) 105780 

8 



B. Chlond, T. Goeschl, M. Kesternich et al.

Table 1 
Summary statistics of household data.

Mean Std. Dev. Min p10 p25 p50 p75 p90 Max N
Electricity price (euro/kWh) 0.33 0.05 0.20 0.30 0.30 0.32 0.34 0.40 0.71 1803
Energy consumption (kWh) 2926.10 1708.17 0 1250.00 1712.00 2572.33 3700.00 4957.83 17501.44 1762
Electric water heating: (1=yes) 0.37 0.48 0 0.00 0.00 0.00 1.00 1.00 1 1803
Annual est. savings (kWh) 336.33 153.37 11.55 204.67 228.68 293.64 414.62 547.56 1466.04 1802
No. persons (count) 2.78 1.88 1 1.00 1.00 2.00 4.00 5.00 11 1803
Living space (m2) 71.08 27.60 20 43.00 52.80 65.00 83.00 107.00 300 1803
Unemployment beneˡts (1=yes) 0.65 0.48 0 0.00 0.00 1.00 1.00 1.00 1 1803

Note: Displayed are summary statistics for the variables electricity price (in euro/kWh), household energy consumption (in kWh), an indicator 
for heating warm water with electricity, engineering estimates of savings from refrigerator replacement (in kWh), number of persons in 
household, living space, and an indicator for receiving long-term unemployment beneˡts.

Replacement rates, i.e., the share of households that actually replaced 
their refrigerator out of all households who were eligible for and in­
formed about the subsidized replacement opportunity, range between 14 
and 24 percent. We observe the highest replacement rates among house­
holds in the baseline treatment GAIN+. The LOSS+ treatment shows the 
lowest replacement rates. Between these two fall replacement rates of 
the treatments using peer experience to encourage take-up, mirroring 
the pattern of gain versus loss framing, as well as the legacy design 
GAIN. As Fig. A.4(b) shows, replacement rates do not substantially im­
prove by combining changes in the framing of the information letter 
with reminders. In fact, reminders could negatively a˫ect take-up: The 
replacement rate among households in the GAIN+ REMINDER treatment 
is at 17 percent below the rate of 24 percent in the GAIN+ treatment. 
The voucher request rates range between 26 and 37 percent.23 As in 
the second stage, request rates are highest in the GAIN+ treatment and 
lowest in the LOSS+ treatment. In numbers, we observe that 46 out of 
190 possible refrigerators are actually replaced in the GAIN+ treatment. 
In the LOSS+ treatment, only 22 out of 159 possible refrigerators are 
replaced.

5 . Empirical strategy
To analyze the e˫ect of the behavioral interventions on RRP perfor­

mance, we compare our two outcomes (voucher request and refrigerator 
replacement) across the treatment groups. That is, we ˡrst assign an in­
dicator variable for each treatment group and then run a regression of 
household (i) voucher request and (ii) refrigerator replacement choice 
on the treatment indicators as follows:

Yi =�0 + �1GAINi + �2LOSS+

i
+ �3GAIN+PEERi + �4LOSS+PEERi (1)

+ �5GAIN+REMINDERi + �6LOSS+REMINDERi

+ �7LOSS+PEER REMINDERi + Savings Infoi + Xi + Fi + Ai + �i,

where i denotes the individual household and Yi refers to the voucher re­
quest or refrigerator replacement choice. The treatment indicators equal 
1 if the household is in the respective treatment group and 0 otherwise. 
We estimate Eq. (1) as a linear probability model (LPM).

We deˡne the GAIN+ treatment as the omitted treatment category 
for three di˫erent reasons. First, the program management designated 
this treatment as the new program baseline. Second, all but our ˡrst 
hypothesis compare variations against the GAIN+ baseline. Third, due 
to the delay in implementing the GAIN treatment, the group has the 
fewest observations. We pool the di˫erent reminder versions that are 
combined with the GAIN+-frame (GAIN+ REMINDER) to increase power 
for analysis. However, in an additional robustness check, we explore 
potential di˫erences between the tag and the SMS/Letter reminders (see 
Tables B.7 and B.8).

In all regressions, we control for the expected ˡnancial savings from 
replacement as communicated to the household, denoted by Savings Info. 

23 Fig. A.3 displays the corresponding voucher request rates.

Importantly, this variable adjusts for di˫erences in communicated sav­
ings that might otherwise bias the comparison between the individual 
estimates and peer experience treatments. In controlling for Savings Info, 
we allow the di˫erent framing to impact replacement choices, but hold 
constant the displayed monetary values. We thus interpret the e˫ects 
of the peer treatments as conditional on the displayed savings amount, 
consistent with our motivation for H3.

Further, in subsequent speciˡcations, we add control variables ob­
tained from the program database. Speciˡcally, the vector Xi summa­
rizes the household’s electricity price, electricity consumption, usage of 
electric water heating, the number of persons in the household, the liv­
ing space, the type of social beneˡt transfer the household receives and 
the federal state the household lives in. Further, the vector Fi summa­
rizes ˡxed e˫ects at month-site level.24 We include ˡxed e˫ects for the 
advisors visiting the household through the vector Ai. As two thirds of 
visits are conducted in pairs, the l xed e˫ects include the l rst advisor ID 
and a dummy for whether a second advisor is present (or not). Finally, 
�i denotes the error term.

To explore potential mechanisms driving treatment e˫ects, we ad­
just Eq. (1) by introducing indicators for combinations of treatment and 
heterogeneity-grouping variables. We focus on three di˫erent hetero­
geneity groupings: the expected ˡnancial savings from investment, the 
type of social beneˡt payment and the within-month timing when the 
letter is received (Carvalho et al., 2016). As an example, we deˡne an 
indicator that equals 1 if the participant is in the LOSS+ group and re­
ceives long-term unemployment beneˡts (LOSS+ ∶ Unemployment), and 
an indicator that equals 1 if the participant is in the LOSS+ group and 
receives some other social beneˡt payment (LOSS+ ∶ Other Benefit). 
Every respondent falls into exactly one of the resulting 7 × 2 = 14

treatment-by-subgroup cells. We conduct the same exercise for the sav­
ings grouping (below- vs. above-median savings from replacement) and 
the information letter timing (visit at start vs. end of month) in separate 
regressions.

6 . Results
We ˡrst discuss the results of the treatments that modify the infor­

mation letter design in Section 6.1. Results of the reminder treatments 
are discussed in Section 6.2.

6.1 . Information letter treatments
Table 2 shows the results of a regression of our main outcome vari­

able of interest, refrigerator replacement, on the di˫erent information 
letter treatments. Fig. A.5(a) summarizes our preferred speciˡcation (6) 
from that table. Table B.3 and Fig. A.6 display the results of the same 

24 We include month-site ˡxed e˫ects since some sites have complementary 
programs that increase the voucher value and vary over time; e.g., the Berlin 
sites introduced additional cash vouchers in November 2022. These comple­
mentary programs exist in at least four of the sixteen states and in a number of 
municipalities.
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analysis for voucher request rates. Across all speciˡcations, the GAIN+

treatment is the omitted baseline group.
As displayed in our preferred speciˡcation (6) of Table 2, which 

includes controls for the covariates and ˡxed e˫ects for a month-site 
interaction, all estimated treatment coe˥cients for refrigerator replace­
ment display negative signs and, thus, indicate that the GAIN+ baseline 
yields the highest refrigerator replacement rates. However, only the 
di˫erence relative to the LOSS+ treatment is statistically signiˡcant 
among the di˫erent information letter designs. At the 1-percent signif­
icance level, the LOSS+ treatment decreases replacement rates by 10.7 
percentage points compared to GAIN+.

This statistically signiˡcant e˫ect of the LOSS+ treatment is robust 
across the di˫erent regression speciˡcations in Table 2. The impact of 
the frame on behavior is substantial: Framing the reported annual sav­
ings in electricity costs as a ˡnancial loss hampers the conversion rate 
from an information letter to a replaced refrigerator by 7.6 to 12.1 per­
centage points. The LOSS+ e˫ect is also robust to adjustment for multiple 
hypothesis testing (see Table B.5).

With respect to voucher request rates, Table B.3 column (6) shows 
that the negative e˫ect of the LOSS+ treatment is robust for request 
rates and signiˡcant at the 5-percent level. The GAIN (legacy) continues 
to display a negative and insigniˡcant coe˥cient. For the GAIN+ PEER 
and LOSS+ PEER treatments, the coe˥cient turns positive for voucher 
requests but remains insigniˡcant. Across the di˫erent speciˡcations, 
the LOSS+ e˫ect is robust, with the exception of speciˡcation (5) which 
includes advisor ˡxed e˫ects.25

Table B.6 explores the linkage between request and replacement 
choices by displaying the results of a regression of the replacement 
probabilities conditional on requesting the voucher. In this table, the 
coe˥cients of the GAIN+ PEER and LOSS+ PEER treatments are signiˡ­
cant and negative in our preferred regression speciˡcation. This implies 
that households successfully encouraged to request the voucher via the 
peer experience framing are more likely to ultimately fail to successfully 
conduct the replacement. From a program perspective, such peer experi­
ence e˫ect may be rather undesirable: More vouchers are in circulation, 
which increases the administrative e˫ort and liabilities on the program’s 
balance sheet, but no replacements follow.

With respect to our hypotheses, we do not ˡnd robust evidence 
supporting H1. While replacement rates are 2.5–5.2 percentage points 
higher in the management’s newly introduced GAIN+ frame compared 
to the legacy GAIN frame, this di˫erence is not statistically signiˡcant. 
Second, our ˡndings clearly oppose hypothesis H2 and the predictions 
of third parties: The LOSS+ frame signiˡcantly reduces replacement 
compared to the GAIN+ frame. Here, our ˡndings thus contrast with ev­
idence on the e˫ectiveness of loss frames (Laibson and List, 2015) and 
the intuition of experts and laypeople. Third, our results fail to conˡrm 
H3. The peer experience framing in the GAIN+ PEER treatment does 
not increase replacements as compared to the framing based on indi­
vidual engineering estimates in the GAIN+ baseline, while holding the 
communicated savings amount constant. The coe˥cients rather point 
to a negative e˫ect but do not di˫er statistically from zero. Likewise, a 
post-estimation test on Table 2 (6) fails to reject equality of the LOSS+

and LOSS+ PEER treatments (p = 0.1355). Overall, we ˡnd the GAIN+

treatment to be the most e˫ective information letter design. It tends 
to improve upon the simpler GAIN version and substantially improves 
upon the LOSS+ version. Further, information about successful peer 
experience does not foster replacement rates in our sample.

These l ndings raise the question of why the LOSS+ version of the let­
ter backˡres. Fig. A.7 plots the cumulative replacement rates under the 
GAIN+ and LOSS+ treatments after receipt of the letters. The cumulative 
distributions indicate a level-shift in the replacement motivation starting 

25 Table B.4 shows that the LOSS+ e˫ect on request rates is further robust to 
applying the correction for multiple hypothesis testing by Barsbai et al. (2020), 
yet not robust to the correction by List et al. (2019).

on the day of letter issuance. Over time, this gap between replacements 
in GAIN+ and LOSS+ further increases and then remains stable at about 
10 percentage points from day 40 onward after letter issuance. The pat­
terns suggest that the LOSS+ treatment leads to an immediate shift in 
motivation.

We test two potential mechanisms explaining such a shift, extend­
ing our preferred regression model by introducing mutually exclusive 
indicators for combinations of treatment and heterogeneity-grouping 
variables. First, the loss formulation may be di˥cult to process, lead­
ing households in the LOSS+ treatment to disregard the letter (and the 
information provided). In other words, because of its complexity, house­
holds may pay less attention to the LOSS+ letter compared to the simpler 
GAIN+ letter. If the loss formulation were indeed di˥cult to process, 
we should not expect any e˫ects from di˫erences in potential savings as 
communicated in the loss-framed letter on replacement rates.

Column (1) in Table 3 shows the regression results from combining 
the treatments with an indicator for having below versus above median 
estimated savings from replacement (see Fig. A.8 for a coe˥cient plot). 
The LOSS+ treatment backˡres more strongly among respondents with 
above median savings. The estimated coe˥cient for the LOSS+-High 
Savings group shows a statistically and economically larger negative ef­
fect than that of the LOSS+-Low Savings group (p = 0.07). Such a LOSS+

intensity e˫ect (i.e., a greater response to larger savings) suggests that 
households did pay attention to the treatment formulation and did not 
disregard the LOSS+ letter. We thus rule out a lack of attention as an 
explanation for the backˡring of LOSS+. By contrast, the ˡnding of a 
LOSS+ intensity e˫ect points toward a second potential mechanism. The 
households may be inˣuenced by the money at stake and the ˡnancial 
stress associated with “losing” money.

More speciˡcally, a second mechanism may be poverty and scarcity-
induced changes in decision-making. Consistent with arguments that 
ˡnancial stress can impact cognitive capacities and change time and risk 
attitudes (Mullainathan and Shaˡr, 2013; Haushofer and Fehr, 2014), 
Chapman et al. (2025) l nd that low-income households display a higher 
tolerance toward losses compared to households with higher incomes. 
Such a loss tolerance may also explain why our low-income sample re­
acts di˫erently to the LOSS+ treatment compared to evidence collected 
from samples with higher incomes.

Column (2) in Table 3 supports such a conjecture. We introduce in­
dicators that combine treatments with a dummy variable for receiving 
long-term unemployment beneˡts, i.e., living at the minimum subsis­
tence level, or receiving some other form of social beneˡt payment that 
is supplemental to obtained incomes or pensions (see Fig. A.9 for a co­
e˥cient plot). Notably, the LOSS+ treatment shows a statistically and 
economically larger negative e˫ect for recipients of long-term unem­
ployment beneˡts than for recipients of supplemental beneˡts (p = 0.03) 
– consistent with ˡnancial scarcity explaining the backˡring result.

To further investigate scarcity as an explanation for the LOSS+ back­
ˡring, we compare refrigerator replacement rates for information letters 
received at the start versus at the end of the month, i.e., when the 
monthly beneˡt payment has just arrived versus when money is scarce 
and ˡnancial stress is high.26 If the backˡring of the loss frame is ex­
plained by ˡnancial stress among households, we would expect a more 
negative e˫ect of the loss frame at the end of a given month when 
liquidity concerns are usually more severe among these households.

Fig. A.10 provides descriptive evidence that replacement rates un­
der LOSS+ fall over the course of the month, while replacement rates 

26 The payday event has been used in prior literature as exogenous variation 
for ˡnancial stress (Mani et al., 2020; Carvalho et al., 2016). In our setting, 
the relative timing of information letter receipt is quasi-random as it is induced 
by current wait times at local sites when households register for an audit – a 
metric households have limited information about and cannot inˣuence. Our 
data further show that treatment assignment does not signiˡcantly predict the 
day-of-month of letter receipt.
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Table 2 
Treatment e˫ects on refrigerator replacement.

(1) (2) (3) (4) (5) (6)
Refrigerator replacement (0/1)

GAIN+ REF REF REF REF REF REF
LOSS+ −0.104** −0.104** −0.121*** −0.097** −0.076* −0.107***

(0.042) (0.042) (0.040) (0.040) (0.042) (0.041)
GAIN+ PEER −0.050 −0.044 −0.066 −0.054 −0.056 −0.061

(0.043) (0.046) (0.046) (0.047) (0.048) (0.048)
LOSS+ PEER −0.094** −0.088* −0.077* −0.060 −0.069 −0.042

(0.042) (0.045) (0.046) (0.046) (0.046) (0.046)
GAIN (legacy) −0.049 −0.051 −0.052 −0.030 −0.025 −0.033

(0.049) (0.049) (0.048) (0.049) (0.050) (0.049)
GAIN+ REMINDER −0.068** −0.069** −0.072** −0.076** −0.063* −0.069**

(0.034) (0.034) (0.034) (0.033) (0.033) (0.033)
LOSS+ REMINDER −0.070 −0.070 −0.076* −0.079* −0.070 −0.080*

(0.043) (0.043) (0.043) (0.042) (0.043) (0.043)
LOSS+ PEER REMINDER −0.041 −0.035 −0.042 −0.079* −0.073 −0.084*

(0.045) (0.047) (0.048) (0.047) (0.049) (0.048)
Constant 0.242*** 0.234*** 0.442*** 0.224*** 0.221*** 0.215**

(0.031) (0.037) (0.099) (0.039) (0.043) (0.108)
Savings Info No Yes Yes Yes Yes Yes
Controls No No Yes No No Yes
Fixed E˫ects No No No Yes Yes Yes
Advisor FE No No No No Yes No
N 1803 1802 1761 1773 1749 1734

Note: Linear probability models of refrigerator replacement (yes/no) on treatments. The treatments 
are included as indicators for the respective treatment group. The GAIN+ treatment is the omitted 
reference treatment group. Column (2) adds a variable controlling for the communicated savings from 
replacement. Columns (3) and (6) add control variables for household’s electricity price, number of 
persons in the household, past electricity consumption, living space, federal state, the social beneˡt 
transfer scheme, and whether the household heats warm water with electricity. Columns (4)-(6) in­
clude ˡxed e˫ects of an interaction between the respective intervention site and the month when the 
participant is informed about his/her replacement eligibility. Column (5) additionally includes ˡxed 
e˫ects for the main advisor visiting the household, and a dummy for whether a second advisor was 
present. Robust standard errors are in parentheses. Signiˡcance levels: ∗ ∶ p < 0.10, ∗∗ ∶ p < 0.05, ∗∗∗ ∶

p < 0.01.

under GAIN+ remain stable over the month, and the slope is steeper 
for the long-term unemployed-only sample, i.e., the poorest households. 
Column (3) in Table 3 formalizes these patterns in regressions that com­
bine the treatments with an indicator for receiving the letter at the start 
of a month versus receiving the letter at the end of a month for the 
full sample. Column (4) in Table 3 reports on the same regression but 
restricts the sample to households living on long-term unemployment 
beneˡts. In the full sample, replacement rates in the LOSS+ treatment are 
constant between the start and end of month. However, once restricting 
to the long-term unemployed households, the LOSS+ coe˥cient shows 
a larger negative e˫ect at the end of the month, mirroring the down­
ward slope in Fig. A.10 (see Fig. A.11 for a coe˥cient plot). While the 
coe˥cients of LOSS+-Start-of-month and LOSS+-End-of-month are not 
signiˡcantly di˫erent from each other (p = 0.53), we view the di˫er­
ential size of coe˥cients as suggestive evidence of aggravated ˡnancial 
scarcity around the payday for the poorest households in our sample.

6.2 . Reminder treatments
Table 2 displays the coe˥cients on refrigerator replacements for 

the reminder treatments, and Fig. A.5(b) visualizes Speciˡcation (6). 
Table B.3 and Fig. A.5(b) do the same for the outcome of voucher re­
quests. For refrigerator replacement, we observe signiˡcant and negative 
e˫ects across all REMINDER treatments. Reminders in combination with 
the GAIN+ treatment decrease energy e˥ciency investments by 6.9 per­
centage points compared to the GAIN+ baseline, which is signiˡcant at 
the 5-percent level. The decrease in the LOSS+ REMINDER and LOSS+

PEER REMINDER treatments is a bit larger at respectively, 8.0 and 8.4 
percentage points, all signiˡcant at the 10-percent level. The negative 
e˫ect of the GAIN+ REMINDER treatment is robust across the di˫er­
ent speciˡcations of Table 2, but does not survive multiple hypothesis 

correction (Table B.5). For voucher requests, the estimated e˫ects of all 
reminder treatments are likewise negative but fail to reach signiˡcance 
in our preferred speciˡcation (Table B.3).

The ˡndings contradict our hypothesis H4 and the predictions of 
third parties. The reminder decreases the e˫ectiveness of the GAIN+

treatment instead of increasing it. Furthermore, according to post-
estimation tests of (6) in Table 2, the LOSS+ REMINDER treatment does 
not signiˡcantly improve upon the LOSS+ treatment (p = 0.5151), and 
the LOSS+ PEER REMINDER treatment does not signiˡcantly improve 
upon the LOSS+ PEER treatment (p = 0.3372).

To further investigate the unexpected ˡndings, we split the data ac­
cording to reminder type (see Tables B.7 and B.8 for voucher requests 
and refrigerator replacement, respectively). For refrigerator replace­
ment, the GAIN+ Letter/SMS and GAIN+ Letter/SMS Tag treatments 
have signiˡcant negative e˫ects at 7.2 and 9.1 percentage points rel­
ative to GAIN+, while the GAIN+ Tag treatment is insigniˡcant and 
closer to 0. As tested above, both LOSS+ treatments combined with a 
tag do not signiˡcantly a˫ect replacement rates compared to the sim­
ple LOSS+ e˫ect.27 In summary, none of the tag reminders signiˡcantly 
changes replacement rates in either direction in comparison to their 
respective information letter-only version. Exclusively the Letter/SMS 
reminders drive the signiˡcant negative l ndings and cause the rejection
of H4.

A potential explanation for such an empirical ˡnding may be found 
in negative anticipation e˫ects as described in Section 3.3 and proposed 
by Ericson (2017). The participants in the SMS/Letter treatment antici­
pated receiving a reminder about the replacement voucher as announced 

27 We do not observe a combination of the LOSS+ and Letter/SMS Reminder.
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Table 3 
Potential mechanisms of treatment e˫ects.

(1) (2) (3) (4)
Refrigerator replacement (0/1)

GAIN+: Low Savings REF
GAIN+: High Savings −0.008

(0.067)
LOSS+: Low Savings −0.041

(0.059)
LOSS+: High Savings −0.149**

(0.061)
GAIN+: Other Beneˡt REF
GAIN+: Unemployment −0.047

(0.068)
LOSS+: Other Beneˡt −0.041

(0.075)
LOSS+: Unemployment −0.186***

(0.065)
GAIN+: Start of Month REF REF
GAIN+: End of Month 0.012 0.011

(0.060) (0.078)
LOSS+: Start of Month −0.102* −0.085

(0.059) (0.074)
LOSS+: End of Month −0.100* −0.123**

(0.055) (0.059)
Constant 0.217* 0.277** 0.193* 0.202

(0.125) (0.114) (0.113) (0.151)
Savings Info Yes Yes Yes Yes
Controls Yes Yes Yes Yes
Fixed E˫ects Yes Yes Yes Yes
Advisor FE No No No No
Sample w/o PEER All All Unemployed
N 1244 1734 1734 1092

Note: Linear probability models of refrigerator replacement (yes/no) on treat­
ments. Treatments are included as mutually exclusive indicators for the 
respective treatment group and (1) above- vs. below-median savings from 
replacement, (2) long-term unemployment beneˡts vs. other types of social 
beneˡt payments, (3)-(4) letter receipt on days 1–15 vs. day 16–31 of a month. 
Due to design di˫erences in communicated savings, (1) omits the PEER treat­
ments. Column (4) is estimated on the sample of long-term unemployed only. 
All columns control for the communicated savings from replacement, for house­
hold’s electricity price, number of persons in the household, past electricity 
consumption, living space, federal state, the social beneˡt transfer scheme, 
and whether the household heats warm water with electricity and include 
ˡxed e˫ects of an interaction between the respective intervention site and the 
month when the participant is informed about his/her replacement eligibility. 
Robust standard errors are in parentheses. Signiˡcance levels: ∗ ∶ p < 0.10, ∗∗ ∶

p < 0.05, ∗∗∗ ∶ p < 0.01.

during the second visit, and thus postponed the decision to request the 
voucher, allocated less mental e˫ort to remember, and, ultimately, never 
followed through with the investment choice. A comparison of the tim­
ing of voucher requests after the second visit reveals that, directly from 
the start, cumulative voucher request rates in the GAIN+ Letter/SMS 
reminder treatment are consistently lower than in the simple GAIN+

treatment, and the di˫erential further grows during the ˡrst month 
(see Fig. A.12). Interestingly, no catch-up is visible during and after the 
period when the reminders were sent out. In comparison, the tag re­
minder closely follows the GAIN+ baseline. As the tag was present in the 
household from the start, no negative anticipation e˫ect arose. In sum­
mary, the results are consistent with a negative anticipation e˫ect of the 
Letter/SMS reminder. The announcement may have caused households 
to anticipate the reminder, postpone requesting the voucher and making 
the replacement choice and reduce the mental capacity spent on thinking 
about the replacement choice. Ultimately, this provides one explanation 
for the backˡring e˫ect we observe in our data.

7 . Ranking design alternatives
In line with a recent literature (Hahn et al., 2026), we use the 

marginal value of public funds (MVPF) to rank the di˫erent design 

alternatives for the RRP. We proceed in two steps. The ˡrst is to ar­
rive at plausible MVPF estimates for the baseline treatment (GAIN+) of 
the RCT. The detailed calculations giving rise to these estimates are rele­
gated to Appendix C. The second step uses the treatment e˫ects derived 
in Section 6 and additional program information to rank the MVPFs of 
the design alternatives relative to the baseline and to each other.

Table 4 reports on the results of the two steps. We ˡrst focus, as a 
benchmark, on the MVPF estimate of the baseline treatment, which re­
lies on our preferred way of estimating the MVPF. This uses, for reasons 
of comparability with Hahn et al. (2026), the midpoint of the price elas­
ticity of demand and the US EPA Social Cost of Carbon estimate for 2024 
under a 2.0 percent near-term discount rate (US$208, EPA (2023)), and 
a mean price elasticity of −1.66 drawn from Chlond et al. (2025).28

Compared to previous MVPF estimates for appliance replacement 
programs, our benchmark MVPF comes in at a low level, at 0.63. MVPF 
calculations for refrigerator replacement programs have in the past re­
turned values between 0.958 for the California Energy Savings Assistance 
Program for Refrigerators (Blonz, 2023) and 1.042 for refrigerators re­
placed under the Cash for Appliances program (Houde and Aldy, 2017). 
Typically, refrigerator replacement programs perform below the mid­
point of replacement programs for appliances generally (1.164). The 
baseline MVPF of the RRP therefore falls substantially below that of 
other such programs. Detailed calculations highlight the role of sub­
stantial encouragement e˫orts, that is, marketing costs, of the RRP in 
explaining this outcome. Much of the public funds is spent on market­
ing to eligible households that ultimately do not replace their appliances 
and therefore do not collect the subsidy.

At the same time, the RRP is speciˡcally designed as a social assis­
tance program. A complete welfare assessment therefore has to include 
appropriate social welfare weights for the target group that beneˡts from 
the program. Recent estimates of the welfare weights implicit in German 
ˡscal policy (Isaak and Jessen, 2024) put these weights at around 2.9 
(1.4) for the ˡrst (second) income decile. These deciles make up the 
main target population of the RRP. Including their welfare weights could 
therefore provide minimum l scal justiˡcation for the program by lifting 
welfare-weighted MVPF across the unit threshold.

Comparing the MVPF of the baseline with those of its design al­
ternatives reported in Table 4 shows that the latter generally perform 
worse in MVPF terms. Behind this ˡnding are the two factors that de­
termine the replacement-cost ratio of each treatment, i.e., the cost per 
percentage point of replacement rate. Policies that achieve a higher re­
placement rate at the same “marketing” cost or the same replacement 
rate at lower marketing cost achieve a higher MVPF. To rank better, 
costlier design alternatives, viz. those including reminders, need to suf­
ˡciently outperform their simpler variants. As the ratios show, however, 
this is not the case. Simple variations on the information letter with­
out reminder tend to perform as well as more elaborate designs with
reminders.

The last column of Table 4 reports the relative rank of each design 
alternative. This ranking reˣects the patterns of replacement rates and 
marketing costs as the main drivers of relative performance. The base­
line treatment GAIN + dominates the ranking, followed by two other 
GAIN frame treatments. The ˡve best performing design alternatives do 
not involve a follow-up with households. Design alternatives with re­
minders, on the other hand, are dragged down – in terms of MVPF and 
ranking – by their less favorable replacement-cost ratio.

28 Table C.1 in Appendix C shows the considerable range of plausible MVPF 
estimates for the baseline RRP beyond our benchmark estimate. This range has 
three main drivers: (i) the 95-percent conˡdence interval of the price elastic­
ity of refrigerator replacement demand covers a wide range; (ii) there can be 
disagreement about the in- or exclusion of the rebound e˫ect of reduced CO2

emissions in the residential sector; and if rebound e˫ects are not considered, (iii) 
there is a wide range of estimates of the social cost of carbon (SCC), including 
that of the EPA (2023) embodied in our benchmark.
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Table 4 
Treatment replacement rate, marketing cost, replacement-cost ratio, MVPF, and 
rank.

Replacement rate Cost Ratio MVPF Rank
GAIN+ (baseline) 0.24 20 1.2 0.63 1
LOSS+ 0.14 20 0.7 0.49 5
GAIN+ PEER 0.19 20 0.95 0.57 2
LOSS+ PEER 0.15 20 0.75 0.51 4
GAIN (legacy) 0.19 20 0.95 0.57 2
GAIN+ REMINDER 0.17 30 0.57 0.44 7
LOSS+ REMINDER 0.17 30 0.57 0.44 7
LOSS+ PEER REMINDER 0.20 30 0.67 0.49 6

Note: Replacement rates are the empirically observed shares of eligible house­
holds that replace their refrigerator under the RRP design alternative, as 
reported in Fig. A.4. Costs are internal estimates of the marketing cost or cost 
of encouragement of each design alternative (in euros). The ratio is the replace­
ment rate in percent divided by cost. MVPF is the preferred estimate based on 
the EPA (2023) Social Cost of Carbon estimate for 2024 under a 2.0 near-term 
discount rate and mean price elasticity. See Appendix C for detailed calculations. 
Rank is the relative position of the ratio, ordered from greater to smaller, across 
the design alternatives.

8 . Conclusion
When trying to design or improve programs targeting speciˡc groups 

in society, such as economically disadvantaged households, it can be 
tempting for program managers to deploy behavioral insights without 
additional guidance. Their attraction is understandable: they have re­
peatedly proven successful among the general population, tend to be 
low-cost, and appear intuitively suited to many program contexts. Yet, 
their unguided deployment can lead to undesirable outcomes: they may 
fail to generate the intended impacts among the target group, either in 
terms of magnitude or even in terms of direction or may turn out to 
be an ine˥cient use of public funds. When the target group is vulner­
able or exposed, a failure of external validity carries additional ethical 
signiˡcance.

Through the implementation and evaluation of the co-designed RCT 
presented in this paper, policy-makers were alerted to problems with 
e˫ectiveness and e˥ciency of popular behavioral insights before such 
insights were deployed at scale among the target population. Partnering 
with the management of one of the world’s largest energy e˥ciency as­
sistance programs, we engaged with policy-makers at a point when the 
program was about to undergo a design overhaul. Observing manage­
ment’s stringent budgetary, practical, political and ethical requirements, 
the resulting co-design process built on the rich literature on behavioral 
insights, on historical program evidence, on practitioner knowledge, and 
on expert and layperson predictions. The outcome of the process was an 
RCT testing eight behaviorally informed program alternatives that had 
been pre-screened for compliance with the SANS conditions. Their eval­
uation of e˫ectiveness and e˥ciency then provided the basis for the 
possibility of guided deployment. In sum, this paper illustrates how ap­
plying established and recent techniques from the literature can help the 
policy-maker detect problems of external validity and avoid the dangers 
of unguided deployment.

The evidence on e˫ectiveness generated by the resulting RCT il­
lustrates that the external validity of even pre-screened behavioral 
insights can be under threat. Among the program’s target population 

of low-income households, loss framing, an insight with high expected 
validity, signiˡcantly backˡres in comparison to the management base­
line. Further analyses suggest that l nancial stress and scarcity impacting 
loss tolerance as well as time and risk attitudes may be one of the mech­
anisms of such backˡring. Reminders – another mainstay of behavioral 
insights – likewise decrease program e˫ectiveness. A likely reason that is 
consistent with our data is that the announcement of reminders reduces 
own investment in imperfect memory. Beyond questions of e˫ectiveness, 
the tested program alternatives also threaten the e˥cient use of pub­
lic funds dedicated to the program as measured through their marginal 
value of public funds (MVPF). This is the case as the program alternatives 
both fail to deliver improvements in e˫ectiveness and fail to compensate 
for higher program costs. This is most evident in the low MVPF of re­
minders which reˣects not just poor e˫ectiveness but also the additional 
cost of sending reminders.

Taken together, the RCT ˡndings highlight the risks that unguided 
deployment of behavioral insights incurs in programs such as the RRP, 
not least because of the ethically and politically sensitive nature of its 
target population. Had loss framing or reminders been adopted directly 
on the strength of their track record elsewhere – the path a conven­
tional behavioral-insights engagement might have taken – the program 
would have deployed alternatives that reduced take-up among a popu­
lation it was designed to support, without the ex-post evidence needed 
to detect this before scale-up. The guided approach we implemented 
here – pre-screening for scalability, piloting through an RCT, and eval­
uating both e˫ectiveness and MVPF before deployment – allowed these 
problems to surface in time. This procedural l nding likely contains a les­
son for policy practice: for programs in new settings a guided approach 
based on pre-screening, piloting and ex-post evaluation may well be 
worth considering in order to guard against unexpected back-ˡring. This 
appears to be particularly valuable when targeting under-represented 
or vulnerable groups. We observe a divergence in expected perfor­
mance across two mechanistically distinct insights in a population with 
well-documented exposure to ˡnancial stress and scarcity and the ob­
served behavioral patterns are consistent with the broader concern in 
the literature that evidence bases built on general populations may not 
transfer cleanly to speciˡc, under-represented target groups (Bryan et 
al., 2021; Hallsworth, 2023). Future investigations of the loss frame ef­
fect could investigate to what extent it could be mitigated by di˫erent
phrasing.
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Appendix A 
A.1 . Figures

Fig. A.1. Letter informing about voucher eligibility. Note: Green highlights are added to the original letter. Red highlights are not added and are part of the original 
letter. (For interpretation of the references to colour in this ˡgure legend, the reader is referred to the web version of this article.)

Journal of Public Economics 263 (2026) 105780 

14 



B. Chlond, T. Goeschl, M. Kesternich et al.

Fig. A.2. Program sites of the “Energy-Saving-Check”.
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Fig. A.3. Voucher request rates by treatment group.
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Fig. A.4. Refrigerator replacement rates by treatment group.
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Fig. A.5. Coe˥cient plot of refrigerator replacements by treatment. Note: Displayed are the estimated coe˥cients from column (6) of Table 2. The coe˥cients are 
sorted by e˫ect size.
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Fig. A.6. Coe˥cient plot of voucher requests by treatment. Note: Displayed are the estimated coe˥cients from column (6) of Table B.3. The coe˥cients are sorted 
by e˫ect size.

Fig. A.7. Cumulative replacement rates against days after the second visit (GAIN+ vs. LOSS+). Note: Displayed are the cumulative replacement rates as a function 
of days after the second visit for treatments GAIN+ and LOSS+.
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Fig. A.8. Coe˥cient plot of heterogeneous treatment e˫ects on refrigerator replacement rates by estimated savings from replacement. Note: This ˡgure plots 
coe˥cients for cross-groups of LOSS+ and GAIN+ with above- and below-median estimated savings from replacement.

Fig. A.9. Coe˥cient plot of heterogeneous treatment e˫ects on refrigerator replacement rates by transfer type. Note: This ˡgure plots coe˥cients for cross-groups of 
LOSS+ and GAIN+ among recipients of long-term unemployment beneˡts and other beneˡts.

Journal of Public Economics 263 (2026) 105780 

20 



B. Chlond, T. Goeschl, M. Kesternich et al.

Fig. A.10. Refrigerator replacement rates by day-of-month. Note: Displayed are the linear ˡtted lines through the raw data points for the outcome refrigerator 
replacement by day of month of treatment receipt. The left panel uses the full sample, the right panel uses only recipient households of long-term unemployment 
beneˡts. 95-percent conˡdence intervals are given in gray. (For interpretation of the references to colour in this ˡgure legend, the reader is referred to the web 
version of this article.)

Fig. A.11. Coe˥cient plot of heterogeneous treatment e˫ects on refrigerator replacement rates by timing of receipt of the information letter. Note: This ˡgure plots 
coe˥cients for cross-groups of LOSS+ and GAIN+ with start-of-month and end-of-month receipt of the information letter.

Fig. A.12. Cumulative voucher request rates against days after the second visit (GAIN+ vs. GAIN+ reminders). Note: Displayed are the cumulative voucher request 
rates as a function of days after the second visit for treatments GAIN+, GAIN+ Letter/SMS reminders, and GAIN+ Tag reminders. The gray shaded area marks the 
period in which households receive the Letter/SMS reminders. Tag reminders are installed in treated households’ refrigerators on the second visit, and therefore are 
present from day 0. (For interpretation of the references to colour in this ˡgure legend, the reader is referred to the web version of this article.)
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Appendix B . Tables

Table B.1 
Timeline.

Time Period Key Activities
April 2020 • Co-design process with program o˥cials and local site managers
July–December 2021 • Series of follow-up workshops to co-design process• Pre-test pilot at Frankfurt local site• Randomized selection of sites
December 2021 • Invitation to participate for 30 randomly drawn sites• 23 out of the 30 sites accepted the invitation.• Preparation of Q&A sessions and training materials for site 

managers• Implementation of Q&A sessions and training sessions to familiarize 
site managers with interventions

January 2022 • Implementation of Q&A sessions and training sessions to familiarize 
site managers with interventions• Programming of database• Shipping of treatment materials• Exclusion of two sites (Munich due to parallel testing; Groß-Gerau-
Kreis due to lack of site management).

January–March 2022 • Training period for site managers to inform, organize, and train 
their local sta˫.

April 1, 2022–February 15, 2023 • Implementation of ˡeld experiment• Local sites stopped voucher issuance on February 15, 2023

Table B.2 
Multiple hypothesis corrected di˫erences in summary statistics by treatment group.

Variable GAIN GAIN+ LOSS+ GAIN+

PEER
LOSS+

PEER
GAIN+

REMINDER
LOSS+

REMINDER
LOSS+

PEER REMINDER
Energy price (ct/kWh) 0.017 –0.008 –0.004 0.008 –0.005 –0.001 –0.007 0.007

(0.134) (0.108) (0.909) (0.416) (0.665) (0.959) (0.446) (0.675)
Energy consumption (kWh) –52.260 219.960 –60.091 –126.032 –84.370 77.374 –92.195 –79.227

(0.775) (0.479) (0.988) (0.759) (0.748) (0.817) (0.959) (0.940)
Electric water heating: (1=yes) 0.049 –0.022 0.025 0.056 –0.021 –0.030 –0.032 0.046

(0.684) (0.908) (0.982) (0.542) (0.604) (0.703) (0.932) (0.809)
Estimated savings (kWh) 37.361* –0.413 –0.397 0.310 16.051 –18.097* 1.631 10.618

(0.092) (0.973) (1) (0.982) (0.783) (0.070) (0.988) (0.896)
No. persons (count) –0.157 0.151 –0.001 –0.101 0.127 –0.009 0.017 –0.072

(0.550) (0.716) (0.995) (0.882) (0.800) (0.920) (0.911) (0.952)
Living space (m2) –2.150 2.861 0.768 –3.001 –3.551 1.723 –0.925 –0.009

(0.737) (0.590) (0.974) (0.535) (0.364) (0.641) (0.951) (0.997)
Transfer scheme (1–7) 0.382 –0.177 0.182 –0.129 –0.244 0.036 0.132 –0.101

(0.725) (0.863) (0.981) (0.851) (0.791) (0.980) (0.967) (0.935)
Unemployment beneˡts (1=yes) –0.052 0.014 –0.018 0.023 0.049 –0.005 –0.030 0.011

(0.768) (0.914) (0.980) (0.819) (0.658) (0.965) (0.913) (0.955)
N per group 109 190 159 177 155 702 157 154
N total 1803 1803 1803 1803 1803 1803 1803 1803

Note: Displayed are the di˫erences in means for the variables energy price, energy consumption, an indicator for heating warm water with 
electricity, estimated savings in kWh from refrigerator replacement, number of persons in household, living space, transfer type category 
and an indicator for receiving unemployment beneˡts by treatment group compared to all other groups. p-values that are adjusted for 
multiple hypothesis testing following List et al. (2019) are in parentheses. Signiˡcance levels: ∗ ∶ p < 0.10, ∗∗ ∶ p < 0.05, ∗∗∗ ∶ p < 0.01. 
Before adjusting for multiple hypothesis testing, di˫erences in energy prices are signiˡcant for GAIN, GAIN+, and GAIN+ PEER, as well 
as estimated savings for GAIN and GAIN+ REMINDER, and energy consumption for GAIN+.
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Table B.3 
Treatment e˫ects on voucher request.

(1) (2) (3) (4) (5) (6)
Voucher request (0/1)

GAIN+ REF REF REF REF REF REF
LOSS+ −0.104** −0.105** −0.126*** −0.103** −0.048 −0.109**

(0.050) (0.050) (0.047) (0.048) (0.047) (0.048)
GAIN+ PEER −0.018 0.031 0.012 0.023 0.028 0.015

(0.050) (0.053) (0.054) (0.057) (0.058) (0.058)
LOSS+ PEER −0.052 −0.004 0.004 0.021 0.007 0.030

(0.051) (0.054) (0.054) (0.054) (0.052) (0.055)
GAIN (legacy) −0.084 −0.098* −0.086 −0.048 −0.014 −0.050

(0.056) (0.056) (0.054) (0.055) (0.053) (0.055)
GAIN+ REMINDER −0.065* −0.065* −0.064* −0.066* −0.024 −0.058

(0.039) (0.039) (0.038) (0.037) (0.036) (0.037)
LOSS+ REMINDER −0.044 −0.044 −0.055 −0.031 −0.004 −0.032

(0.051) (0.051) (0.049) (0.048) (0.047) (0.048)
LOSS+ PEER REMINDER −0.018 0.031 0.029 −0.016 −0.003 −0.021

(0.052) (0.055) (0.055) (0.056) (0.057) (0.057)
Constant 0.368*** 0.301*** 0.739*** 0.293*** 0.285*** 0.430***

(0.035) (0.043) (0.111) (0.046) (0.051) (0.115)
Savings Info No Yes Yes Yes Yes Yes
Controls No No Yes No No Yes
Fixed E˫ects No No No Yes Yes Yes
Advisor FE No No No No Yes No
N 1803 1802 1761 1773 1749 1734

Note: Linear probability models of voucher request (yes/no) on treatments. The treatments are in­
cluded as indicators for the respective treatment groups. The GAIN+ treatment is the omitted reference 
treatment group. Column (2) adds a variable controlling for the communicated savings from replace­
ment. Columns (3) and (6) add control variables for household’s electricity price, number of persons 
in the household, past electricity consumption, living space, federal state, the social beneˡt transfer 
scheme, and whether the household heats warm water with electricity. Columns (4)-(6) include ˡxed 
e˫ects for an interaction between the respective intervention sites and the month when the partici­
pant is informed about his/her replacement eligibility. Column (5) additionally includes ˡxed e˫ects 
for the main advisor visiting the household, and a dummy for whether a second advisor was present. 
Robust standard errors are in parentheses. Signiˡcance levels: ∗ ∶ p < 0.10, ∗∗ ∶ p < 0.05, ∗∗∗ ∶ p < 0.01.

Table B.4 
Multiple hypothesis corrected p-values for voucher request.

(1)
Unadj. p-value

(2)
p-value following
List et al. (2019)

(3)
p-value following
Barsbai et al. (2020)

LOSS+ 0.024 0.169 0.065
GAIN+ PEER 0.791 0.911 0.994
LOSS+ PEER 0.577 0.716 0.953
GAIN (legacy) 0.356 0.468 0.388
GAIN+ REMINDER 0.118 0.377 0.311
LOSS+ REMINDER 0.504 0.746 0.629
LOSS+ PEER REMINDER 0.713 0.734 0.954

Note: Displayed are p-values of the treatment e˫ects on voucher request. 
Column (1) displays the unadjusted p-values of the regression results in col­
umn (6) of Table B.3. Column (2) provides an adjustment of the results in 
column (1) of Table B.3 based on Theorem 3.1 in List et al. (2019) and using 
Stata package mhtexp. Column (3) provides an adjustment of the results in col­
umn (6) of Table B.3 based on Theorem 3.1 in List et al. (2019), the expansion 
provided by Barsbai et al. (2020) and using the Stata package mhtreg.

Table B.5 
Multiple hypothesis corrected p-values for refrigerator replacement.

(1)
Unadj. p-value

(2)
p-value following
List et al. (2019)

(3)
p-value following
Barsbai et al. (2020)

LOSS+ 0.009 0.058 0.016
GAIN+ PEER 0.198 0.504 0.251
LOSS+ PEER 0.370 0.134 0.240
GAIN (legacy) 0.498 0.498 0.499
GAIN+ REMINDER 0.040 0.156 0.153
LOSS+ REMINDER 0.064 0.307 0.248
LOSS+ PEER REMINDER 0.077 0.351 0.335

Note: Displayed are p-values of the treatment e˫ects on refrigerator replace­
ment. Column (1) displays the unadjusted p-values of the regression results 
in column (6) of Table 2. Column (2) provides an adjustment of the results 
in column (1) of Table 2 based on Theorem 3.1 in List et al. (2019) and using 
Stata package mhtexp. Column (3) provides an adjustment of the results in col­
umn (6) of Table 2 based on Theorem 3.1 in List et al. (2019), the expansion 
provided by Barsbai et al. (2020) and using the Stata package mhtreg.
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Table B.6 
Treatment e˫ects on refrigerator replacement conditional on having re­
quested the voucher.

(1) (2) (3) (4)
Refrigerator replacement (0/1)

GAIN+ REF REF REF REF
LOSS+ −0.132 −0.133 −0.165 −0.210*

(0.095) (0.096) (0.115) (0.118)
GAIN+ PEER −0.179* −0.232** −0.191 −0.267*

(0.091) (0.099) (0.120) (0.137)
LOSS+ PEER −0.257*** −0.233** −0.268** −0.231*

(0.097) (0.104) (0.126) (0.133)
GAIN (legacy) 0.043 0.012 −0.140 −0.163

(0.100) (0.100) (0.126) (0.127)
GAIN+ REMINDER −0.084 −0.105 −0.147* −0.142*

(0.066) (0.069) (0.079) (0.083)
LOSS+ REMINDER −0.122 −0.121 −0.153 −0.150

(0.090) (0.092) (0.097) (0.101)
LOSS+ PEER REMINDER −0.154 −0.189* −0.239** −0.265**

(0.094) (0.102) (0.116) (0.125)
Constant 0.754*** 0.562*** 0.760*** 0.466*

(0.072) (0.196) (0.093) (0.279)
Savings Info Yes Yes Yes Yes
Controls No Yes No Yes
Fixed E˫ects No No Yes Yes
Advisor FE No No No No
Request=1 Yes Yes Yes Yes
N 571 555 519 503

Note: Linear probability models of refrigerator replacement (yes/no) on treat­
ments. The treatments are included as indicators for the respective treatment 
group. The GAIN+ treatment is the omitted reference treatment group. All re­
gressions control for the communicated savings from replacement. Columns 
(2) and (4) add control variables for household’s electricity price, number of 
persons in the household, past electricity consumption, living space, federal 
state, the social beneˡt transfer scheme, and whether the household heats 
warm water with electricity. Columns (3) and (4) include ˡxed e˫ects for an 
interaction between the respective intervention site and the month when the 
participant is informed about his/her replacement eligibility. Robust standard 
errors are in parentheses. Signiˡcance levels: ∗ ∶ p < 0.10, ∗∗ ∶ p < 0.05, ∗∗∗ ∶

p < 0.01.

 

Table B.7 
Treatment e˫ects on voucher request: allowing for di˫erential reminder 
e˫ects.

(1) (2) (3) (4)
Voucher request (0/1)

GAIN+ REF REF REF REF
LOSS+ −0.105** −0.126*** −0.103** −0.109**

(0.050) (0.047) (0.048) (0.048)
GAIN+ PEER 0.031 0.012 0.023 0.015

(0.053) (0.055) (0.057) (0.058)
LOSS+ PEER −0.004 0.004 0.020 0.029

(0.054) (0.054) (0.054) (0.055)
GAIN (legacy) −0.098* −0.086 −0.049 −0.051

(0.056) (0.054) (0.055) (0.055)
GAIN+ Letter/SMS −0.049 −0.045 −0.045 −0.034

(0.043) (0.042) (0.042) (0.042)
GAIN+ Tag −0.061 −0.063 −0.078* −0.064

(0.049) (0.048) (0.047) (0.047)
GAIN+ Letter/SMS Tag −0.099** −0.099** −0.092** −0.095**

(0.048) (0.047) (0.047) (0.047)
LOSS+ Tag −0.044 −0.054 −0.031 −0.032

(0.051) (0.049) (0.048) (0.048)
LOSS+ PEER Tag 0.031 0.030 −0.017 −0.022

(0.055) (0.055) (0.056) (0.057)
Constant 0.301*** 0.742*** 0.294*** 0.431***

(0.043) (0.112) (0.046) (0.115)
Savings Info Yes Yes Yes Yes
Controls No Yes No Yes
Fixed E˫ects No No Yes Yes
Advisor FE No No No No
N 1802 1761 1773 1734

Note: Linear probability models of voucher request (yes/no) on treatments. 
The treatments are included as indicators for the respective treatment group. 
The GAIN+ treatment is the omitted reference treatment group. All regres­
sions control for the communicated savings from replacement. Columns (2) 
and (4) add control variables for household’s electricity price, number of 
persons in the household, past electricity consumption, living space, federal 
state, the social beneˡt transfer scheme, and whether the household heats 
warm water with electricity. Columns (3) and (4) include l xed e˫ects for an 
interaction between the respective intervention site and the month when the 
participant is informed about his/her replacement eligibility. Robust stan­
dard errors are in parentheses. Signiˡcance levels: ∗ ∶ p < 0.10, ∗∗ ∶ p < 0.05, 
∗∗∗ ∶ p < 0.01.
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Table B.8 
Treatment e˫ects on refrigerator replacement: allowing for di˫erential re­
minder e˫ects.

(1) (2) (3) (4)
Refrigerator replacement (0/1)

GAIN+ REF REF REF REF
LOSS+ −0.104** −0.121*** −0.097** −0.107***

(0.042) (0.040) (0.041) (0.041)
GAIN+ PEER −0.044 −0.066 −0.054 −0.061

(0.046) (0.046) (0.047) (0.048)
LOSS+ PEER −0.088* −0.076* −0.059 −0.041

(0.045) (0.046) (0.047) (0.047)
GAIN (legacy) −0.051 −0.052 −0.031 −0.034

(0.049) (0.048) (0.049) (0.049)
GAIN+ Letter/SMS −0.081** −0.081** −0.083** −0.072*

(0.037) (0.037) (0.037) (0.037)
GAIN+ Tag −0.030 −0.039 −0.051 −0.039

(0.043) (0.043) (0.043) (0.043)
GAIN+ Letter/SMS Tag −0.088** −0.091** −0.087** −0.091**

(0.041) (0.041) (0.040) (0.040)
LOSS+ Tag −0.070 −0.076* −0.079* −0.079*

(0.043) (0.043) (0.042) (0.043)
LOSS+ PEER Tag −0.035 −0.041 −0.079* −0.083*

(0.047) (0.048) (0.047) (0.048)
Constant 0.234*** 0.445*** 0.224*** 0.217**

(0.037) (0.098) (0.039) (0.108)
Savings Info Yes Yes Yes Yes
Controls No Yes No Yes
Fixed E˫ects No No Yes Yes
Advisor FE No No No No
N 1802 1761 1773 1734

Note: Linear probability models of refrigerator replacement (yes/no) on 
treatments. The treatments are included as indicators for the respective 
treatment group. The GAIN+ treatment is the omitted reference treatment 
group. All regressions control for the communicated savings from replace­
ment. Columns (2) and (4) add control variables for household’s electricity 
price, number of persons in the household, past electricity consumption, liv­
ing space, federal state, the social beneˡt transfer scheme, and whether the 
household heats warm water with electricity. Columns (3) and (4) include 
ˡxed e˫ects for an interaction between the respective intervention site and 
the month when the participant is informed about his/her replacement el­
igibility. Robust standard errors are in parentheses. Signiˡcance levels: ∗ ∶

p < 0.10, ∗∗ ∶ p < 0.05, ∗∗∗ ∶ p < 0.01.

Appendix C . Calculation of the RRP MVPF
C.1 . Concepts

Conceptually, the MVPF for a policy is the ratio of the beneˡts of the 
policy to individuals over the net costs of the policy to government.

MV PF =
Benefits to individuals

Net cost to government
(2)

with appropriate social welfare weights � applied to the beneˡts for 
di˫erent beneˡciaries. The weights � matter substantially for a com­
parison of the RRP with other public programs. They are essentially 
irrelevant, however, when ranking design variations that all target the 
same beneˡciaries.

Hahn et al. (2026) show that in the simple case of a policy with 
subsidy as the only cost, the MVPF of Eq. (2) can be quantiˡed on the 
basis of four inputs: V , the per-unit externality associated with the target 
good of the policy x, the price elasticity � of the good x, the price P  of 
the good, and the level of the subsidy �. This is because Eq. (2) can also 
be expressed as:

MV PF =
1 +

V

P
(−�)

1 +
�

P
(−�)

. (3)

In contrast to this simple case, the RRP is a program that combines 
two costly measures. One is the encouragement e˫orts directed at all 

eligible households in the form of the customized information letters and 
the consultation time during the second visit. Our monetary estimate 
of these e˫orts is M  per eligible household. Importantly, households 
do not derive pecuniary beneˡts from these e˫orts. Instead, the e˫orts 
are intended to lead a high share r of all eligible households to replace 
their appliances. The second costly measure is the value of the voucher 
� paid out to replacing households, thereby decreasing the e˫ective price 
P  of the appliance. A marginal change in the RRP budget therefore only 
delivers a share � = �∕(� +M∕r) in the form of a voucher to the eligible 
household while a share (1 − �) goes to encouragement expenses. Like 
marketing and nudges in Hahn et al. (2026), budget changes in the RRP 
therefore have correspondingly smaller impacts on the e˫ective (post-
subsidy) price of the target good. The adjusted MVPF is therefore

MV PF =
�

(

1 +
V

P
(−�)

)

1 + �
�

P
(−�)

, (4)

which simpliˡes to expression (3) for � = 1.

C.2 . Parametrization
Values for parametrized estimates of expression (4) come from pub­

lished analyses (Chlond et al., 2025), program data and internal program 
estimates, and Section 6.

First, the marginal impact of a budget change on the subsidy is 
estimated at � = 0.54, using the voucher value � = 100 euros, the re­
placement rate r = 0.24 of the baseline (GAIN+) treatment arm, and the 
RRP’s internal estimate of encouragement costs of M =20euros per eli­
gible household.29 Second, the price elasticity � comes from Chlond et 
al. (2025) who exploit past subsidy variations in the RRP to determine a 
mean for � of −1.66 (95-percent conˡdence interval: −0.37 and −2.94).30
Third, the ratio of subsidy to purchase price, �∕P  comes to 0.18 based 
on program data that the price per replaced appliance averages P = 555 
euros.

Fourth, values for V  are derived under two mutually exclusive as­
sumptions regarding the so-called “waterbed e˫ect” of the European 
Emissions Trading System (EU ETS) (Rosendahl, 2019). This e˫ect sim­
ply states that in a tradable emissions permit system, policies that do not 
a˫ect the emissions cap may change the allocation of emissions within 
the system, but not aggregate emissions of the system. Under one as­
sumption, V = 0 because the waterbed e˫ect also applies to the RRP.31
Under the alternative assumption, favored by the German government, 
V > 0 and V  is approximated by the external costs avoided by bringing 
forward refrigerator replacement through the RRP. The external costs 
avoided are the social value of non-emitted carbon as a result of electric­
ity savings. To compute the externality reduction per kWh of electricity 
saved, we require the average CO2 content of German electricity, which 
is 363gCO2/kWh (Umweltbundesamt, 2024). The German government’s 

29 For illustration, assume the program aims to replace 1000 fridges at an ag­
gregate voucher cost of 100.000 euros. Given the replacement rate, this requires 
preparing, handing out and explaining the information letter to 4348 households 
at an aggregate marketing cost of 86,957 euros. For the marginal euro going 
into the program, 0.53 euros therefore go to funding a voucher and 0.47 euros 
to encouragement e˫orts.
30 In Chlond et al. (2025), a voucher variation of 50 euros decreased post-
subsidy prices from 372 euros to 322 euros, a decrease of 13.4 percent. The 
study gives a best estimate of the impact of the variation in post-subsidy prices 
on demand for refrigerators of 4.9 percentage points, which at its midpoint 
corresponds to an increase of 22.3 percent in demand for refrigerators.
31 Emissions reductions in the consumption of electricity on account of the RRP 
occur in the German power sector. Because this sector is regulated by the EU ETS, 
reductions there are fully o˫set by emissions increases elsewhere in what is a 
supranational multi-sector system. In other words, there is perfect rebound at the 
system level. This assumption makes the RRP a purely redistributive policy with­
out any environmental externalities whose justiˡcation rests on a su˥ciently 
high welfare weight � of the target population only.
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preferred estimates of the social cost of carbon (SCC) in 2024 are 300 
euros/tCO2eq at 1 percent social discount rate and 880 euros/tCO2eq 
at zero percent (Umweltbundesamt, 2024). For international compara­
bility and to align with Hahn et al. (2026), we also include the US EPA 
benchmark estimate of the SCC for 2024 of US$208 or, equivalently, 192 
euros (EPA, 2023). These estimates have to be reduced by the price of 
EU ETS permits, which averaged 80 euros/tCO2 in 2024, to account for 
the partial internalization. Taken together, these considerations imply 
from the German government’s perspective an externality reduction of 
0.080 euros or 0.290 euros per kWh of electricity saved, respectively, 
and 0.041 euros based on the EPA’s SCC.

There are three margins along which an RRP can reduce a house­
hold’s electricity consumption. The ˡrst is bringing forward the age 
at which the incumbent ine˥cient refrigerator is replaced. If the RRP 
induces earlier replacement, then households beneˡt from lower costs 
earlier. The second margin is decreasing the age of the replacing re­
frigerator. The typical replacement among low-income households is a 
used appliance of 8 to 10 years, as the empirical age distribution en­
countered in the SSC illustrates (Chlond et al., 2025). Replacement with 
a new, instead of a used, device delivers higher technological e˥ciency 
because the appliance comes from the most recent technological cohort 
and higher mechanical e˥ciency because the appliance has not yet un­
dergone wear and tear. The third margin is reducing the energy demand 
of the replacing refrigerator. The RRP forces the household to buy rela­
tively more e˥cient refrigerators among the newest cohort of appliances 
on the market.

Previous analysis (Chlond et al., 2025) does not point to sizable 
impacts along the ˡrst margin: Under the RRP, the age at which re­
frigerators are commonly replaced is high – 19.1 years on average.32
This puts the onus of energy savings on the second and third mar­
gin. The engineering estimates (Michel et al., 2016; Paul et al., 2022) 
imply that the second margin, i.e., replacement with a typical newly 
manufactured appliance instead of an appliance aged 8–10 years, deliv­
ers around 35 percent energy savings relative to the existing device.33
The third margin is the RRP requiring the purchase of a refrigerator 
of energy e˥ciency class D or better, rather than the most common 
classes E and F (Doganoglu et al., 2025). Per EU regulations on energy 
e˥ciency classes,34 this requirement implies an additional 20 percent 
reduction in energy demand. Taking these e˫ects together means that 
the new refrigerator requires an estimated 47.5 percent less energy 
than the used appliance that the household would have ordinarily pur­
chased. Expressed in units of energy, this amounts to a saving of 283.5
kWh per year, based on the energy consumption of used refrigera­
tors in the SSC data. These savings accrue over an expected duration 
of 9 years.35 Based on these back-of-the-envelope calculations, undis­
counted savings therefore amount to 2552kWh. Taken together, this 
gives our best estimate of V  between 105 euros and 740 euros, de­
pending on the SCC used, and of V ∕P -ratios between 0.188 and 1.333,
respectively.

On the cost side, we have marginal increase in the budget (mechan­
ically set at 1) and the marginal impact on replacement rate, net of the 

32 While we lack a clean comparison of the age distribution of refrigerators 
among the target population in the presence and absence of the RRP, the em­
pirical age at replacement in the presence of the RRP is considerably older than 
best estimates of the expected age of replacement of 13.0 to 17.5 years for a re­
frigerator in Germany (Umweltbundesamt, 2025; Laner and Rechberger, 2007). 
It is also older than the median age of the refrigerators encountered in the total 
SSC sample (16.0 years, Chlond et al. (2025)).
33 In terms of technological cohort, past analysis has estimated sales-weighted 
reductions in energy demand by EU refrigerators of around 25 percent over 
ten years (Michel et al., 2016). In terms of mechanical age, (Paul et al., 2022) 
estimate the increase in energy consumption of around 22 percent per ten years.
34 See Commission Delegated Regulation (EU) 2019/2016.
35 After 8–10 years, the refrigerators purchased used are then replaced with 
refrigerators from the originally ‘new’ cohort, which are by then 8–10 years old.

Table C.1 
Marginal value of public funds of the RRP – estimates and 
sensitivity.

Waterbed SCC EPA SCC, 1% SCC, 0%
� − 2� 0.524 0.561 0.596 0.784
� 0.475 0.625 0.766 1.528
� + 2� 0.439 0.679 0.907 2.143

Note: Parametrization of expression (4) based on � = 0.54

and �∕P = 0.18, � − 2� = −.0.37, � = −1.67, and � + 2� =

−2.94. V ∕P = 0 when the waterbed e˫ect is accounted 
for; otherwise V ∕P = 0.19 for the EPA (2023) Social Cost 
of Carbon estimate for 2024 under a 2.0 near-term dis­
count rate, V ∕P = 0.37 for the German government’s SCC 
for 2024 under a 1.0 percent discount rate, and V ∕P =

1.33 for its SCC without discounting. Unless otherwise 
noted, values are drawn from Chlond et al. (2025) and 
program data.

proportional increase in value added tax revenue from voucher spending 
on new appliances, which is 0.16 for every euro spent.

Table C.1 reports the resulting estimates of the MVPF of the RRP for 
the baseline treatment (GAIN+).

For the mean elasticity estimate �, the MVPF rises from 0.475 when 
the waterbed e˫ect is fully accounted for to 1.528 when the waterbed ef­
fect is ignored and the German government’s upper value of the SCC for 
2024 is used. Most of the estimates fall below the unit value. This reˣects 
the high cost of encouragement e˫orts required to bring households to 
replace their appliances and collect the subsidy.

While relatively low, the MVPF estimate need not imply that the RRP, 
an energy e˥ciency assistance program targeting low-income house­
holds, does not represent value for public funds. The redistributive 
focus would be reˣected in the welfare weight � attached to the pro­
gram (Hahn et al., 2026). Such weights could come from Isaak and 
Jessen (2024), who connect the MVPF concept to a microsimulation 
approach to determine the implicit welfare weights enshrined in the 
German tax code. For household net incomes equivalized for size and 
composition using the modiˡed OECD scale, these weights can lift the 
welfare-weighted MVPF above the unit threshold, in particular for the 
ˡrst income decile with a weight of 2.9 (1.4 for the second).

C.3 . Ranking of design alternatives
The design variations that the present paper compares di˫er in their 

MVPF through di˫erences in the share � of the marginal change in the 
budget that goes to replacing households. More precisely, simple alge­
braic manipulations of expression (4) show that for policies i, j ∈ I =

{1, 2, ..N}, MV PFi > MV PFj  whenever �i > �j , which is the case 
whenever ri∕Mi > rj∕Mj .36 In other words, policies that achieve a 
higher replacement rate r at the same “marketing” cost M  or the same 
replacement rate at lower “marketing” cost achieve a higher MVPF.

Fig. A.4 reports replacement rates ri for each of the eight design 
variations. ‘Marketing’ costs Mi per eligible household are the same for 
all information letter treatments at 20 euros, once the ˡxed expense of 
changing the letter has been incurred. For treatments with a reminder 
component, the RRP estimates costs of 30 euros per eligible household in 
order to collect and document consent and to implement the reminder 
in the form of a letter or text message, depending on the household’s 
choice. The higher encouragement expenses of designs with a reminder 
component therefore need to pay o˫ in the form of higher replacement 
rates in order to be ranked more highly in the terms of MVPF.

Table 4 reports for each treatment the empirically observed re­
placement rates, internal estimates of the marketing costs in euros, the 

36 Note that the parameters V , P , ", and � are not changed by treatment 
assignment.
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Table D.1 
Pooled treatments.

Original treatment Pooled treatments
(1) control/standard information letter GAIN 

(legacy ver­
sion of the 
program)

(2) gain frame GAIN+

(manage­
ment’s new 
default)

(3) loss frame LOSS+

(4) personalized gain frame GAIN+ PEER
(5) personalized loss frame LOSS+ PEER
(6) gain frame and letter/SMS reminder GAIN+ REMINDER
(7) gain frame and haptic reminder GAIN+ REMINDER
(8) loss frame and haptic reminder LOSS+ REMINDER
(9) personalized loss frame and haptic reminder LOSS+ PEER REMINDER
(10) gain frame and both SMS/letter and haptic reminder GAIN+ REMINDER

performance-cost ratio, and the rank of the design alternative among 
the set of alternatives tested in the RCT. The performance-cost ratio 
captures the average cost (in euros) per percentage point of replacing 
households. Across the information letter treatments, the main treat­
ment e˫ect, i.e., changes in the replacement rate, drives the ranking. 
Treatments involving reminders incur higher marketing costs, most of 
which go to households that do not replace, and do not raise replacement 
rates su˥ciently, if at all, to make up for the higher costs. As a result, 
design alternatives that require a reminder are ranked at the bottom.

Appendix D . Evolution of statistical analyses compared to PAP
In this section we describe the main evolution of our statistical 

analyses compared to the PAP. As already indicated in the AEA RCT pre-
registration and included pre-analysis plan (https://doi.org/10.1257/
rct.10757-2.2), we planned to combine the di˫erent reminder treat­
ments into one pooled reminder group for our main analysis in order to 
avoid issues resulting from low sample sizes. Table D.1 describes how the 
ten di˫erent initial treatment arms are mapped to the eight treatments 
in our main analysis. In the GAIN domain, we pool the three di˫erent 
reminder types into one GAIN+ REMINDER treatment. In the LOSS do­
main, by contrast, both the loss frame and the personalized loss frame 
are combined with the haptic refrigerator tag and kept separate (LOSS+

REMINDER and LOSS+ PEER REMINDER treatments).
As a robustness check, we again di˫erentiate between the di˫erent 

reminder versions (see Tables B.7 and B.8). This procedure does not alter 
our main observations but helps to explore the mechanism behind lower 
replacement rates in GAIN+ REMINDER.

We also decided to deˡne the GAIN+ treatment as the omitted 
treatment category for three di˫erent reasons. First, the program man­
agement designated this treatment to be the new program baseline. 
Second, all but our l rst hypothesis compare treatment variations against 
this baseline. Consequently, this procedure facilitates the interpretation 
of the regression results. Third, due to the delay in implementing the 
GAIN treatment, this group has the fewest observations.

As a last point, in our preferred econometric speciˡcation, we do not 
control for advisor pair ˡxed e˫ects. The reason is the speciˡc structure 
of the advisors per visit. While the majority of visits are conducted by 
advisor pairs (69.33 percent), 30.67 percent of all visits are administered 
by only one advisor. For such visits, we observe an advisor-1-ID but not 
an advisor-2-ID. To include advisor-2 ˡxed e˫ects, we would need to 
assign a single joint category to such visits with missing advisor-2-IDs 
to avoid those observations being dropped due to missing values.

As a result, such advisor-2 l xed e˫ects would display a highly unbal­
anced category structure: 553 of 1803 observations would be assigned 
to this single imputed category, while the remaining, genuine advisor-2 
IDs contain a median of only 7 observations, making this single cate­
gory roughly 80 times larger than the median genuine category. This 

is di˫erent from the advisor-1 ˡxed e˫ects, where advisors are not 
concentrated in just one cell.

However, to still retain the qualitative information of the visit struc­
ture, one of our speciˡcations replaces the advisor-2 ˡxed e˫ect with 
a dummy distinguishing a genuine advisor-2 ID from the imputed 
advisor-2 category, while further including the advisor-1 ˡxed e˫ects.

Appendix E . Supplementary data
Supplementary data to this article can be found online at doi:10.

1016/j.jpubeco.2026.105780.

Data availability
The data that has been used is conˡdential.
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