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a b s t r a c t
This paper provides ﬁeld evidence from India examining changes in electricity consumption in response to various behavioral interventions. I study the impact of (i) weekly reports
with peer comparisons of electricity use; (ii) reports augmented with monetary incentives
to reduce consumption and (iii) price variation. I estimate consumption changes using a randomized control trial in conjunction with a quasi-experiment. Households provided reports
alone reduced summer season consumption by 7 percent. Price elasticity identiﬁed from
cross-sectional and time series variation was estimated at −0.56. Against this benchmark,
the impact of peer comparisons alone was equivalent to increasing tariffs by about 12.5 percent. Counter-intuitively, when weekly reports were augmented with monetary incentives
rewarding electricity conservation, households no longer reduced consumption. Households receiving reports also show higher price elasticity relative to controls. These results
provide new evidence identifying the response of developing country consumers to behavioral interventions while examining the interaction of prices, incentives and information.
© 2016 Elsevier B.V. All rights reserved.

1. Introduction
How might we take behavioral economics out of academia and into the policy arena? This question has begun to attract
increasing interest from both academics and policymakers, at least in developed country contexts.2 Perhaps the best studied
interventions in ‘real world’ settings involve the use of carefully framed information (nudges) designed to inﬂuence consumer
behavior (Thaler and Sunstein, 2008; Allcott and Mullainathan, 2010; Schultz et al., 2007). While nudges have been studied
in a variety of settings including healthcare choices and savings behavior (Handel, 2013; Beshears et al., 2015), a particularly
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important application involves the use of peer comparisons to change household energy consumption (Houde et al., 2013;
Allcott, 2011, 2012; Asensio and Delmas, 2015).
Unfortunately, much of this work has focused on studying one behavioral intervention or interaction within a speciﬁc
population. Although this is useful as a means of isolating responses, it is not directly informative about how information
and incentives might work together in the ﬁeld and whether consumer responses are robust to changes in other policy
instruments (such as tariff hikes). This paper seeks to provide some of these answers. I use a randomized control trial in
conjunction with a quasi-experiment to study the effect of (i) peer comparisons of electricity use within a monetary frame,
(ii) comparisons augmented with monetary incentives to reduce consumption3 and (iii) price changes. To the best of my
knowledge, this is the ﬁrst ﬁeld evidence that evaluates the combination of incentives and information based nudges on
electricity consumption.4 It is also the ﬁrst evidence on the effectiveness of these instruments in modifying electricity use
amongst developing country consumers.5
The developing country setting of this paper is important because the objectives of these instruments are as important
(or more important) in contexts where energy use is rapidly increasing. However, it would be presumptuous to assume that
prior evidence would obviously transfer here. The response to nudges may differ across societies and indeed evidence from
the lab indicates that it frequently does (Henrich et al., 2010).
Using data from 466 apartments tracked over 4 months, I ﬁnd that providing households information on the average
electricity consumption of their peers, relative to their own, results in a reduction of about 7 percent of mean electricity
consumption averaged over the entire summer season. This replicates, in a developing country context, evidence from the
United States (Allcott, 2012). I then investigate whether the response of these same households to peer comparisons changes
when additional ﬁnancial incentives are provided to encourage targeted behaviors. This question is critically important to
understanding when peer comparisons are likely to be reliable instruments, and how they might perform in combination with
conventional monetary incentives. I evaluate household response under a second treatment arm where peer comparisons
were coupled with small ﬁnancial incentives offered by the billing and metering agency. These incentives raise the marginal
price of electricity. I ﬁnd that instead of reducing consumption further, the effect of adding ﬁnancial incentives is to increase
consumption relative to using peer comparisons alone. This suggests that monetary incentives may crowd out, rather than
complement, the non-monetary behavioral intervention.
I also exploit a unique institutional feature of the experimental setting to obtain a clean comparison of consumer response
to the nudge and to price changes. Households in this study, like much of India’s urban population, were subject to frequent
blackouts in utility power supply. During such periods, households consumed electricity supplied by a private generator
(captive diesel plants) and billed at a substantially higher price. A structural feature of how households in this study were
connected to the electricity grid (see Section 6 for details) created quasi-random day to day variation in outage durations faced
by different households, all located within the same residential community. In addition to this cross-sectional variation, the
presence of high priced backup power meant that time-series changes in prices, driven by variation in outages, also existed.
This variation in outages implied a variation in average electricity prices which can be used to cleanly estimate price
elasticities. Estimated across all households I ﬁnd a statistically signiﬁcant price elasticity (−0.60 ± 0.04). However, this
average masks signiﬁcant heterogeneity with households receiving weekly reports on electricity consumption responding
more strongly to price than control households (Table 4).6 These results suggest that nudges may play an important role
in determining how households respond to tariffs (Jessoe and Rapson (2014) ﬁnd a similar interaction in the context of
in-home electricity displays). I discuss possible mechanisms in Section 2 and empirical evidence in Section 6.
There is a difference here between consumer responses to electricity prices and to the monetary incentive. This ﬁeld
evidence is consistent with a literature on agent responses to third party contracts, as opposed to exogenous changes in
price. As I discuss in Section 2, theory and evidence from the laboratory and ﬁeld suggests that the very act of a principal
offering monetary incentives to an agent can change agent assumptions about costs and beneﬁts. In doing so the response
to these contracts may be hard to predict. This also suggests that the nature of relationships between a principle offering a
contract to an agent is an important variable determining how ﬁnancial incentives might work (Gneezy et al., 2011; Benabou
and Tirole, 2003).
Unfortunately, consumer distrust of electricity utilities is not uncommon. This is a problem because the entity involved
in billing, metering and collections is also the entity best suited to interact with and inﬂuence consumers.7
The experiment in this paper allows me to test in the ﬁeld whether the consumer response to exogenous determinants
of price varies from the response to incentives offered by the billing and metering entity. I take advantage of the fact that

3
Another important study (Dolan and Metcalfe, 2013) examines this question for households in London. I discuss how their work relates to this paper
in Section 4.
4
Following earlier working papers presented at the 2012 Northeast Universities Development Consortium conference and the 2013 Stanford Institute
for Theoretical Economics Summer Workshop.
5
Benhassine et al. (2015) examine the use of similar instruments in a developing country context as a means of changing education behaviors
6
The estimated price elasticity depends on ﬁxed effects choices made in the estimating equation. However control households still appear less responsive
to price than treatment households across speciﬁcations.
7
In a study conducted by the Smart Meter Central Delivery Body and reported in June 2014 by the Utility Week magazine, over 50 percent of consumers
in the United Kingdom distrusted their utilities especially when metering was less easy to track. In India attitudes seem even worse. In a survey conducted
by the consulting ﬁrm Accenture India (2014), only about a fourth of consumers trusted their electricity utility.
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Fig. 1. Comparisons provided to the Information Only sample.

billing, metering and collection activities for experiment households were carried out by a private third party that could not
inﬂuence of price of power supplied by the grid. The treatments discussed here were randomly assigned to households but
implemented by this private third party. I discuss these features of the design in more detail in Section 4. This examination
of the interplay between monetary incentives, peer comparisons and price changes (all evaluated concurrently within the
same population) is one of the key contributions of this paper. The results I obtain are summarized in Table 2.
It is also worth noting that the peer comparisons in this paper are in a monetary frame. This deviates from prior practice
by utilities and in the literature.8 The fact that Indian households respond strongly to such a framing of information is
interesting, especially in light of laboratory evidence from the United States suggesting a monetary framework can reduce
behavioral responses to nudges (Heyman and Ariely, 2004). Figs. 1 and 2 provide examples of what the comparisons in the
reports look like.
The broader context within which this paper is written may be helpful to the reader. Peer group comparisons have been
widely deployed by some electricity utilities in the United States (Allcott and Rogers, 2014). Evidence from the United States
suggests that informing households how their electricity consumption compares to the average consumption of their peers
can lead to small but economically signiﬁcant reductions (of the order of 1 to 3 percent) in average electricity consumption.
Furthermore, these reductions appear to persist over time (Allcott and Rogers, 2014). Such interventions have therefore also
been seen as a potentially important tool in climate change mitigation policy (Allcott and Mullainathan, 2010; Dietz et al.,
2009).9
The remainder of this paper has the following structure. In Section 2, I outline a model of demand that provides a useful
framework within which we may view these results. In Section 3, I provide a description of households in this study and a
detailed experiment design in Section 4. In Section 5, I provide the outcomes of the experiment and in Section 6 I describe
the natural experiment used to estimate price elasticities. I conclude in Section 7.
2. Theory
There are various models of behavior that have been proposed in the literature and which might be brought to bear to
explain our results. I outline below one framework through which our results might be viewed.
Let households obtain non-monetary beneﬁts Ue from energy conservation (this may include ‘warm glow’ beneﬁts,
increases in intrinsic motivation etc.). Let Uy denote the value households place on monetary gains. Let C(e) increasing in e
denote the cost of conservation to the household (including attention costs). Let p denote the perceived monetary beneﬁt

8

For example, Allcott (2012) and Dolan and Metcalfe (2013) both study comparisons framed in non-monetary terms
Note that decreasing energy use is not necessarily welfare enhancing. To draw the link from consumption to welfare requires sufﬁciently large negative
externalities to energy use. These may often exist but in this paper I do not make assumptions about the net welfare impacts of the interventions I study. I
focus only on their effectiveness at changing consumption behaviors.
9
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Fig. 2. Comparisons provided to the Information with Incentives sample.

associated with conservation effort e. Perceived monetary beneﬁts depend on both the price of electricity (increasing with
tariffs) and household knowledge of the beneﬁts of taking action e. For example, if households believe their appliances to
be highly efﬁcient, the perceived monetary beneﬁts of replacing them will be small.
To capture these ideas we may write p as p = pf where pf is the ‘true’ monetary beneﬁt and  is a parameter capturing
household uncertainty about pf . p may also depend on salience – the attention paid to monetary beneﬁts. In theory  may be
larger than 1 which would imply that households overestimate actual beneﬁts. For the purposes of this discussion I assume
that  ∈ (0, 1], consistent with my empirical results, without implying that this must always be the case.
The uncertainty parameter  can change when provided new information. Two important mechanisms through which
this may happen are learning (Conley and Udry, 2010; Cai et al., 2009) and salience (Allcott and Rogers, 2014; Jessoe and
Rapson, 2014).
We may then write total value to the household from conservation effort e as being10
(Ue + pf Uy )e − C(e)

(1)

I now make a set of stylized assumptions to help think through the results of the experiment summarized in the introduction (see Section 4 for details on the experiment design). Households in this experiment were randomized into three
groups. ‘Control’ households were not interacted with during the experiment. ‘Information Only’ households were provided
weekly reports containing energy saving tips and comparisons of their consumption with peers. ‘Information + Incentives’
households were provided similar weekly reports along with monetary incentives (disincentives) for consuming less (more)
electricity than their peers.
Let households in the control group of this experiment have uncertainty parameter  c < 1. This represents a status quo
where households underestimate the beneﬁts of taking conservation actions.

10
In general Ue and Uy may be functions of e. We simplify this relationship here and for small changes in e this assumption may be reasonable. Extensions
of a similar model are discussed in Benabou and Tirole (2003).
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When households are provided information only, (including peer comparisons), they may learn about  and for these
households suppose  =  i ≥  c .
The basis for this is a body of literature showing that people may modify behavior when exposed to comparisons with
their peers (the deﬁnition of a peer varying by context). Applications have ranged from charitable giving (Frey and Meier,
2004; Alpizar et al., 2008) to modifying retirement savings behavior (Beshears et al., 2011). It has been argued that peer
comparisons may work primarily by inducing learning in response to new information (Conley and Udry, 2010; Cai et al.,
2009). As a thought experiment, consider a single household attempting to maximize the utility of energy consumption while
remaining uncertain about a variety of important parameters. The household may choose to invest resources in learning,
but because the value of such information is bounded, some uncertainty will remain in the status quo. In such a situation,
information about the average behavior of peers can be used to learn. For example, households might learn about the
unobservable efﬁciencies and running costs of their appliances by comparing their electricity bills to those of their peers.
This can result in households re-optimizing and thus changing consumption decisions.
Next I consider the implications of introducing monetary incentives to the information provided. I assume that when an
incentive is added (information remaining constant)  remains equal to  i . However Ue reduces to zero.11 The value function
thus changes to V = ( i pf + r)Uy e − C(e) where r is the per unit monetary reward. As is evident, the introduction of r ≥ 0 implies
a reduction in the value of conservation for ‘small’ r, but an increase as r grows large. Laboratory experiments have shown
that people respond differently to monetary vs. non-monetary contracts (Heyman and Ariely, 2004; Ariely et al., 2009). These
differences can result in reduced effort in response to ﬁnancial incentives, especially where incentives are relatively low
powered (Kamenica, 2012; Gneezy and Rustichini, 2000). Benabou and Tirole (2003, 2006) argue that this counter-intuitive
behavior may be explained through a principal-agent model where an agent (the household) is provided an incentive by
the principle. These incentives might backﬁre because they induce agents to draw inferences about the motivations of the
principal, the true costs of taking action and the true beneﬁts to the agent.12
In the present context, the information treatment by itself is framed as increasing household welfare. The addition of
incentives to conserve might suggest to households that this ‘contract’ is not primarily about their own welfare but of
beneﬁts to the electricity provider. Alternatively, households will begin with some assumption about the beneﬁts and costs
of reducing consumption. The addition of incentives might change these assumptions, leading households to believe that
these actions may be more difﬁcult than they assumed or carry smaller beneﬁts. By ﬁnancially rewarding conservation,
incentives may also crowd out motivation and warm glow beneﬁts (Sansone and Harackiewicz, 2000; Frey and Jegen, 2002;
Gneezy and Rustichini, 2000).
Under these assumptions we would expect to see the following patterns of household response. First, households provided
only additional information may decrease consumption since p (their assessment of the value of conservation) may increase.
Second, in a incentive contract where rewards are not very large, consumption may be higher relative to providing only
information since reductions in Ue may exceed the effect of raising monetary beneﬁts.13
Third, households may respond differently to changes in p that stem from factors exogenous to the contract than they
do to the addition of rewards. This is because it is only additional rewards provided by the principal that leads to inferences
about true costs and beneﬁts.
Fourth, households in both the information and incentive groups will respond differently to exogenous variations in p
than in the control. Speciﬁcally if 1 ≥  i ≥  c then the price elasticity of demand in treatment groups will exceed those of the
control.
3. Experiment background
The experiment described here ran between May and August 2012, and involved a population of urban households located
within India’s National Capital Region (NCR).14 All households were part of a single residential community with over 700
occupied housing units. Four types of living structures were available: two-, three- and four-bedroom units, and a few larger
penthouse apartments. Of the 700 occupied units, 534 were two- or three-bedroom designs and the experiment targeted
this subset of homes.15
Apartments in the experiment were provided electricity from two sources. The primary supply source for households
was electricity sourced from the grid. However, crippling grid electricity shortages and consequent blackouts have together
created a robust market for diesel generation in India. Households in this experiment faced frequent, unscheduled grid
outages occurring at different times of day for varying durations (with an average duration of about 4.7 h per day). Fig. 3

11

Setting Ue = 0 is equivalent to assuming that households infer that conservation costs C(e) are large.
In this case the principal is an estate management ﬁrm catering to the residential community. We describe the experimental context in greater detail
in Section 3.
13
The direction and strength of this effect depends on who is offering the contract. The inferences drawn from a contract offered by your mother will
differ from those drawn when the same contract is offered by a utility.
14
The NCR is the second largest urban agglomeration in the world with a population of over 22 million people, expected to rise to 32 million by 2025
(United Nations, 2012).
15
A signiﬁcant share of new urban housing in India comes from such communities. At the time of the experiment, the leading business daily in India, The
Economic Times, reported on May 02, 2012 that over 500,000 housing units were under construction in the NCR that month.
12
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Fig. 3. Distribution of daily outage hours (periods of captive diesel power supply) over experiment duration (histogram and kernel density estimator).

shows the distribution of daily outage hours over the course of the experiment. During these outage periods households
used captive power generated via four on-site diesel generators within the residential community. This captive power was
provided by an estate management company for the community and created a perfect substitute for grid electricity, with
the single exception of price.16
The presence of multiple power sources within these burgeoning apartment communities, as well as insufﬁcient utility
capacity to keep up with the growth of domestic end-users, has led to a common distinction in India between the state
electricity distribution company and the entity carrying out the metering, billing and collections from consumers. The latter
is often carried out by a private estate management company. In the case of these households, this company was charged
a cumulative monthly amount by the state utility for all grid power consumed within the community. Diesel based captive
power was generated internally by this company.
In order to recover costs, the estate management ﬁrm had undertaken apartment metering separately for the two electricity sources and billed households using two distinct ﬂat-rate tariffs. Regular grid power supply was billed at INR 3.2 per
kWh and captive diesel power at INR 12.10 per kWh (INR 10 was approximately equal to 18 cents during May–August 2012).
The per unit prices mentioned here were computed as a function of prevailing electricity tariffs and the costs of diesel and
maintenance of the diesel generators. Although the operating costs of captive power were somewhat opaque, the price of
exogenous grid power set by the local electricity utility (within bounds deﬁned by the regulator) was completely transparent. Therefore households could see how per unit tariffs for grid power were being set and had the information needed to be
aware when they could be changed, i.e. when grid prices changed. Nevertheless, even though the estate management company was a transparent price taker when setting grid tariffs, metering remained in the hands of the management company
and this is an oft-cited source of distrust.
Lastly, households were provided with a red warning light which turned on when backup power was being used and
diesel generators were also audible when in operation. The combination of background humming from the generators and
the light located in a corridor where the fuse-box was present served as mechanisms for households to learn that they were
in an outage period.
The presence of two concurrent tariff schedules as described here is unusual within the literature on electricity demand
management and a feature of the urban developing country context I study. The institutional structure described here
provides a unique opportunity to probe the relationship between prices and the response to nudges.
4. Experiment design
I turn next to the ﬁeld experiment. During the summer of 2012 (four months from May through August), the estate
management company in the community decided to pilot two interventions aimed at reducing household electricity consumption. These treatments were implemented as a randomized control trial.
Of the 534 occupied two and three bedroom apartments in the community, 484 were identiﬁed as potentially eligible for
the pilot. These 484 units were then randomly assigned to three different program conditions (treatments). 124 households

16
Load rationing under captive power was not a concern. Diesel generators produced sufﬁcient power to allow all households to operate multiple
two-tonne air-conditioning units.
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Table 1
Randomization check of control and treatment groups.

1
2
3
6
7
9
8
9
10

Baseline grid electricity (KW)
Baseline diesel electricity (KW)
HH size
LCD TV
CRT TV
Split ACs
Window ACs
Refrigerators
Coolers

11
12

Mean kWh/day (Grid)
Mean kWh/day (Diesel)

Control (C)

Treatment (N)

Treatment (NI)

pC,N

pN,NI

pC,NI

0.45 (0.29)
0.50 (0.42)
4.65 (2.06)
1.53 (0.74)
1.04 (0.38)
2.62 (0.96)
0.80 (0.44)
1.01 (0.12)
0.86 (0.38)

0.49 (0.26)
0.52 (0.34)
4.67 (1.23)
1.37 (0.75)
1.05 (0.22)
2.57 (0.66)
1.00 (0.47)
1.03 (0.17)
0.80 (0.45)

0.47 (0.33)
0.49 (0.41)
5.17 (1.38)
1.31 (0.53)
1.05 (0.23)
2.53 (0.67)
1.06 (0.55)
1.00 (0.00)
0.89 (0.60)

0.36
0.55
0.87
0.48
0.60
0.78
0.99
0.46
0.49

0.60
0.32
0.41
0.61
0.97
0.84
0.72
0.14
0.74

0.59
0.76
0.29
0.21
0.60
0.62
0.83
0.47
0.66

Control (C)
15.42 (7.81)
3.38 (1.78)

(DC)
15.60 (8.37)
3.57 (2.04)

p
0.88
0.47

Notes: Standard errors are clustered at the household level and robust to serial correlation and heteroskedasticity.
pC,N , pN,NI , pC,NI are p values for ‘control vs. nudge’, ‘nudge vs. nudge + incentives’, ‘control vs. nudge + incentives’.
Rows 3–5 and 6–12 compare household composition and appliance ownership from end-line survey.
Rows 1–2 compare baseline (pre-treatment) electricity consumption for grid and diesel power.
Rows 13–14 compare electricity consumption of untreated groups (C and DC) over experiment duration.
Rows 1, 2, 13, 14 based on all households.
Rows 3–12 based on a randomly surveyed sub-sample (70 per condition).

were placed in a ‘Nudge Treatment’ (denoted by N and described below). 240 households were placed in a ‘Nudge + Incentives’
Treatment (denoted as NI). 124 homes formed controls (denoted as C). Randomization was stratiﬁed by household size (two
or three bedrooms).
The remaining 50 occupied homes were not initially identiﬁed as eligible owing to an administrative error in determining
their occupancy status. These homes therefore did not receive any treatment. I refer to these homes as the ‘Default Control’
(denoted as DC). Although there is no reason to believe these households differ from others in the sample (see Table 1), I
do not include them in the main evaluation of treatment effects but they serve as a check against possible experimentation
effects.
The program implementation in different groups was as follows:
Group C (Controls). Control households were never contacted but their electricity consumption was recorded over the
course of the project.
Group DC (Default Controls). These households were not part of the randomization pool and were therefore assigned
to no treatment by default.
Group N (Nudge Treatment). This group received a weekly report card, delivered by the estate management company. Reports provided household electricity consumption for the preceding week for both grid electricity (low priced)
and backup diesel power (high priced). This was compared to the average consumption in other households with the
same number of bedrooms.17 The weekly report card also contained a general set of tips on how to save energy
on the back. The Supplementary appendix contains a sample of the front and back of the complete letter sent to
these households and Fig. 4 extracts the key parts of the letter, including consumption comparisons and explanatory
text.
Group NI (Nudge + Incentives). This group of households received a report card detailing their own electricity consumption and the average in other similar households. In addition however, Group NI households were enrolled in a
reward scheme. Every household was provided a starting reward balance of 750 Indian Rupees (about 13 US dollars)
funded by the billing agency (reimbursed later by the researchers). For the duration of the program, this reward balance could increase or decrease depending on the difference between household electricity consumption and the peer
average. When consuming less (consuming more) than the average, the reward balance increased (decreased) at the rate
of INR 2.00 per unit for grid electricity (where the per unit tariff was INR 3.2) and INR 4.00 per unit for diesel electricity (where the per unit tariff was INR 12.10). In other words monetary rewards (or penalties), rw , in week w followed
the rule
rw =

2(Ȳe,g − Ye,g )







incentive to consume less utility power

+

4(Ȳe,d − Ye,d )







incentive to consume less diesel power

where Ye,i , Ȳe,i refer to household and peer average consumption of electricity from source i (low priced grid power or high
priced captive power).

17
The reported averages were calculated based on similarly sized households in the same treatment condition although the reports themselves did not
indicate that other treatments existed.
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Fig. 4. Exhibit sent to Nudge Treatment households (Group N). Blacked out text contains location identifying information.

Households could not lose more than their starting reward balance over the course of the experiment, meaning that by
the end of the program a fraction of homes had entered a region of zero marginal ﬁnancial incentives (while still receiving
the same information and still remaining eligible for positive rewards). This corner case excepted, this incentive design is
exactly equivalent to an increase in the marginal price of electricity by the per-unit reward rate.18 Fig. 5 extracts key parts
of the letter, including consumption comparisons and explanatory text. The Supplementary appendix contains a sample of
the front and back of the complete letter sent to these households.
The assignment to each of the treatments was optional with households able to drop out at any time over the period
of the study. A negligible amount of attrition occurred: three households chose to opt out in the ﬁrst two weeks and none
thereafter. A few homes were also dropped because baseline electricity consumption data indicated they were not occupying
their apartments (although they had taken possession on administrative records). Eventually 119 (out of 124) households
remained in the information treatment, 233 (out of 240) in the incentives treatment and 121 (out of 124) households were
controls.
There is no pure incentive (‘I’ arm) in this set of treatments. The reason is that it is difﬁcult to write such a contract without
also communicating information. Incentives typically require an explanation, which in turn involves the provision of new
information. It is therefore arguable that most third party incentive contracts are really a combination of incentives and
some information. An important objective of this paper is to examine what happens when incentives are added to nudges –
equivalently an incentive contract where the information provided is the same as the nudge alone. An alternative incentive
based contract could be written but it is probably the case that any such feasible contract would remain open to the criticism
that it carries new information also.
It is worth comparing this design to other recent and related work. Little or no evidence exists on the interaction of incentives with peer comparisons in the ﬁeld of electricity consumption and none from a developing country. However another
interesting study Dolan and Metcalfe (2013) examines a similar interaction in the context of natural gas consumption among
households in London. The authors of this study provide a different type of monetary incentive and their results provide
further evidence that adding incentives may negate the effects of information alone. Instead of a continuous incentive, Dolan
and Metcalfe (2013) provide a lump sum reward to households for reaching a speciﬁed level of gas consumption while also
providing peer comparisons. As in this experiment, they ﬁnd that when this lump sum reward is introduced (and is not
extremely large), households stop reacting to peer comparisons.
There are some disadvantages to lump sum rewards. One of these is that lump sum rewards linked to a ﬁxed target
create an asymmetric contract that risks adverse selection (Ito, 2015). A second disadvantage is that households are not

18

A similarly framed incentive is analyzed in Falkinger (2000).
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Fig. 5. Exhibit sent to Nudge + Incentives households (Group NI). Blacked out text contains location identifying information.

incentivized on the margin, or for conservation efforts that do not reach the target. They are also not incentivized to take
action beyond the target level, making this a relatively difﬁcult goal to set. A third, more subtle, issue is that these rewards
create a second reference point (the external target) in addition to the nudge reference (peer consumption). As Kahneman
(1992) argues, multiple reference points may create mixed feelings where a particular action or outcome is a success relative
to one reference point and a failure with respect to another. This problem is not necessarily related to the presence of ﬁnancial
incentives since there are many ways in which multiple reference points may be created.
One beneﬁt of framing a ﬁnancial incentive as in this experiment is that this type of incentive structure avoids all of these
problems.
4.1. Randomization check and baseline characteristics
The pilot began at the start of May, 2012 and continued through the end of August, 2012. Baseline consumption data was
collected from April 10, till the beginning of May.
A fair degree of homogeneity existed with respect to certain key determinants of household energy use. For instance,
housing structure and the stock of certain large appliances (most apartments came with air conditioners and water heaters
pre-installed) were very similar. Weather conditions were naturally identical for all homes. Notwithstanding these similarities, signiﬁcant variance existed in baseline electricity intensity (see Table 1, Rows 1–2). This underlines the importance
of individual behavior – as distinct from the technical features of appliances and buildings – in determining electricity
consumption.
Table 1 provides a summary of t-tests comparing baseline electricity consumption measured in treatment and control
groups and ﬁnding them statistically identical. In order to minimize the possibility of contamination due to experimenter
effects, a baseline survey was not conducted. However an end-line survey was carried out on a sub-sample of homes distributed equally across each experimental condition. Table 1 includes a comparison of certain observable characteristics
measured during the end-line survey that could be expected to remain constant over the treatment (such as household
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Table 2
Impact of treatments on electricity consumption.
Dependent
variable
Information
Only
Information
and
Incentives
Percentage
reduction in
daily
consumption

All electricity

Low price (grid)

High price (backup)

kWh

ln(kWh)

kWh

ln(kWh)

kWh

ln(kWh)

−3530.93* (2034.11)

−0.11** (0.06)

−3443.56** (1717.54)

−0.15** (0.08)

−87.32 (498.85)

−0.06 (0.05)

710.83 (1755.45)

0.03 (0.05)

27.92 (1484.61)

0.04 (0.06)

682.91 (457.23)

0.06 (0.04)

−0.07* (0.04)

−0.11** (0.06)

−0.08** (0.04)

−0.15** (0.08)

−0.01 (0.04)

−0.06 (0.05)

Notes: Robust standard errors clustered over households (Arellano-Bond).
Average length of outages in a day over experiment duration was 4.7 h.
Average consumption: 52.34 kWh (grid: 41.22 kWh, backup: 11.12 kWh).
All models contain household and time ﬁxed effects.
Estimated over 120 days of data.
*
p < 0.1.
**
p < 0.05.
***
p < 0.01.

demographics and ownership of expensive appliances). These comparisons also serve to conﬁrm that randomization was
properly carried out.19
5. Experiment results
5.1. Household response to nudges
Household response to the nudge may be estimated by comparing treatment and control electricity consumption over
the duration of the experiment. Let
Yi,t = ˇ1 N + ˇ2 NI + t + ıi + i,t

(2)

where Yi,t is electricity consumption (total consumption, lower priced grid electricity or higher priced diesel backup) in
time period t by household i, ˇ1,2 are the treatment effects associated with receiving either a nudge using peer comparisons
(N) or a combination of nudges and incentives (NI). Correspondingly N, NI are dummy variables which take the value 1
when a household belongs to Treatment Group N or NI and 0 when the household belongs to the Control (C).  t , ıi are time
and individual ﬁxed effects (to allow for general heterogeneity in household speciﬁc intercepts and time shocks) and i,t
are unobserved household speciﬁc shocks. Electricity consumption data was recorded aggregated over two or three day
intervals (each of which forms a time period t common to all households).
Results are reported in Table 2. I report estimates using the linear model described here as well as using models using
log(Yi,t ) as the dependent variable (this allows interpretation of ˇ1,2 as percentage changes). Columns 1 and 2 report linear
and log consumption models using all electricity use as the dependent variable. Columns 3 and 4 report linear and log
consumption models using only low priced (INR 3.2 per kWh) grid electricity as the dependent variable. Columns 5 and 6
report linear and log consumption models using only high priced (INR 12.10 per kWh) backup electricity as the dependent
variable. Standard errors (Arellano-Bond) are robust and clustered at the household level to adjust for serial correlation
within household consumption.
For both linear and log-linear models, households that were provided only the nudge treatment (peer comparisons and
generic energy saving tips on the back page) reduced both overall electricity consumption and grid electricity consumption
by amounts that are both statistically and economically signiﬁcant. The mean savings estimates from the linear and loglinear models on all consumption are 3.53 ± 2.03 kWh (7 ± 4 percent) and 11 ± 6 percent respectively. The log-linear models
report larger treatment effects likely because the log dependent variable is sensitive to reductions at the lower end of the
electricity consumption distribution (which may have modest absolute reductions in consumption but large percentage
reductions).20 The more conservative estimates therefore come from the linear models (Columns 1, 3 and 5).
Because households in this study consumed two different types of electricity – low priced grid power and high priced
captive power – there existed a unique opportunity to compare the effect of a single intervention on the consumption of
similar commodities, but at two different price levels, while holding the population constant.

19
Comparing electricity consumption for the randomized experimental control and the 50 default control households (Group DC) helps conﬁrm that
there are no experimentation effects on the control (Rows 11–12 in Table 1.
20
In estimating average treatment effects I drop all time periods where a household reports no consumption of electricity (to control for unoccupied
apartments or days).
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Table 3
Treatment effects by income and baseline consumption.

Treatment
Incremental effect of incentives

Low rewards

Below median

Above median

−0.10* (0.06)
0.13*** (0.05)

−0.09 (0.11)
0.15* (0.09)

−0.18* (0.09)
0.20** (0.08)

Notes: Household clustered robust standard errors.
Models with households, time ﬁxed effects.
*
p < 0.1.
**
p < 0.05.
***
p < 0.01.

Fig. 6. Quantile treatment effects for nudge only treatment with bootstrapped 90 percent conﬁdence interval (Koenker, 2004).

Although information based nudges inﬂuence the consumption of lower priced electricity, they do not change the consumption of higher priced diesel backup power. Point estimates of the treatment effect on diesel power are close to zero and
not signiﬁcant while treatment effects for grid electricity are negative and signiﬁcant. The hypothesis that these two point
estimates are equal can also be directly tested and is statistically rejected.21
One reason might be that higher prices increase salience, raise the perceived price of electricity in themselves (referring
back to Section 2), and crowd out any impacts of the nudge. I also cannot rule out the possibility that low and high priced
power were not equally distributed against the time of day and this might also account for this difference. Regardless, an
important conclusion we might draw from this evidence is that nudges will not always work. For example, they may not be
useful as a means of reducing peak demand or consumption at high prices.
It is also useful to separately evaluate the effect of nudges on households who consume above and below the peer
average. The literature on social norms (Section 2), allows for the possibility that low consuming households may increase
consumption to approach the peer average. To examine whether reductions in response to the nudge are restricted to
high consuming households, I split the experiment sample into two groups based on whether a household was above or
below the median consumption level in the baseline period. I then re-estimate treatment effects separately for these two
groups. Table 3 reports the results. Although the smaller sample size increases standard errors, it appears both high and low
consuming households respond to the nudge, with perhaps larger impacts on the former. This is consistent with evidence
from the United States (Allcott, 2011).
Lastly I also estimate quantile treatment effects for the nudge treatment on grid electricity (Fig. 6). I use bootstrapped
standard errors and although the resulting conﬁdence intervals are wide, this estimation suggests that the treatment shifts
different quantiles similarly.
5.2. Augmenting nudges with monetary incentives
The economic stakes associated with energy behaviors are a function of both market prices and other monetary contracts
offered to agents. In the case of electricity consumption, it is common for consumers to be subjected to a variety of different

21
This is done by normalizing the dependent variable (KWh of electricity) for both low and high priced electricity and re-estimating treatment effects
to make coefﬁcients comparable. Parameter estimates from these two normalized models are then tested for equality using a Wald Test (cluster robust
errors) and the null hypothesis is rejected at 95 percent signiﬁcance.
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programs and incentives – monetary and non-monetary. Since much of the literature studies only one intervention at a time,
it is necessary to investigate whether the hypothesis that different instruments act independently holds true. If the answer
is yes, we might freely mix and match different behavioral interventions. If not however, the deployment of one policy will
inﬂuence another thus making optimal design much more difﬁcult.
The second treatment in this experiment allows us to test this hypothesis for the nudge we study. If monetary and nonmonetary incentives act independently, then coupling the nudge with additional ﬁnancial incentives that raise marginal
prices should lead to even greater reductions in consumption. Instead I ﬁnd (Table 2, Row 3), that this combined treatment
results in any household response disappearing (the incremental effect of these incentives is to cause a statistically signiﬁcant
increase in electricity use).
I believe this result is interesting and important because it provides ﬁeld evidence that not all monetary cues will be
seen alike by consumers and suggests that issues of utility distrust might become relevant not just as a business concern for
utilities, but as a broader policy challenge in the deployment of behavioral interventions. Note that these zero effects are not
driven by power considerations – the size of the treatment group here is double that for the group provided nudges alone,
standards errors are similar or smaller and the point estimate is near zero.
Income Effects: Since households enrolled in the incentive scheme stand to gain some money in the future (no transfers
were actualized until the end of the experiment), we might be concerned as to whether foreseen income effects could explain
these results. However, this may not be a major concern here.
The literature on electricity consumption has tended to ﬁnd near zero income effects at these consumption levels (Reiss
and White, 2005). Rewards during the experiment were very modest.22 For income effects to explain our results would
require households to have an implausibly high income elasticity.
A more direct way of evaluating this concern is to re-run the estimation in Eq. (3) after dropping all observations where
rewards are above a threshold. These should be households where income effects might be most important. Setting a ceiling
as low as INR 1000 (less than 20 USD) produces similar results (see Column 1 in Table 3), with ﬁnancial incentives still
associated with a statistically signiﬁcant increase in electricity consumption even though over 30 percent of the sample is
dropped in this process.23
A second check can be carried out by comparing the incremental effect of incentives for households by different levels
of baseline consumption. Households with high baseline consumption are those who might be expected to gain the least.
If income effects were driving our results, such households should not show positive ˇ2 values. Table 3 suggests this is not
the case.
The incremental impact of adding incentives can be estimated using Eq. (3):
J

J

J

J

J

Yi,t = 1J + ˇ1 T + ˇ2 I + t + ıi + i,t

(3)

Here T is a dummy variable that is 1 for all households treated with any intervention (that is for groups N and NI pooled
together) and I the interaction of the treatment dummy with a dummy representing membership of Group NI. ˇ2 , the
coefﬁcient on I, represents the incremental effect of nudges.
6. Price response
The most common instrument used to modify electricity consumption involves changing tariffs. Nevertheless it is not
straightforward to quantify the degree to which households respond to electricity prices. A ﬁrst order challenge in estimating
electricity price elasticities is that price variation is rarely uncorrelated with other determinants of demand. Thus most
elasticity estimates in the literature rely either on structural models of demand (Reiss and White, 2005) which may not
always describe behavior very well (Ito, 2014), or on cross-sectional comparisons which rely on a sometimes unrealistic
assumption of exogenous price variation.
In India, these challenges are compounded by the absence of price elasticity estimates applicable to middle-class, urban
consumers in particular. One of the few available estimates comes from Filipini and Pachauri (2002) who examine crosssectional variation in average electricity prices and consumption (self reported in national household surveys) and report a
summer season price elasticity for urban Indian households of −0.16.
For households in this study, I exploit a natural ﬁeld experiment that induced quasi-random, cross-sectional, variation in
outage hours across the sample of co-located households. Because these households consumed high priced captive power
during outages, any exogenous variation in grid outages in turn induces exogenous variation in the price of electricity. To
understand the source of cross-sectional variation in outages, it is necessary to review the mechanism by which grid outages
occur in the ﬁrst place. The explanation that follows is in the context of this experiment alone but provides an interesting
mechanism through which economists working with utilities in India might attempt to back out electricity price elasticities.
In India, the lowest level of the electricity grid at which outages are induced is the ‘feeder level’ where high voltage lines
are stepped down to the 11KV level. In our setting feeder level outages were not pre-announced on a regular schedule by the

22

Reward balances were initialized at 750 INR, less than 15 USD.
To maintain a comparable population in the nudge only group for this estimation, I simulate transfers that would have accrued to them had they been
in the incentives treatment and drop observations above the cutoff.
23
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Fig. 7. Panel A: Feeder connection schematic for experiment households. Panel B: Difference in outage hours between household groups connected to
different feeders.

utility. The probability of an outage at any time could plausibly depend on both overall grid supply-demand imbalances and
also local demand. Each feeder serves a large number of consumers (typically of the order of thousands of connections in
urban areas, depending on consumer load and feeder characteristics) and all consumers served by a given feeder therefore
see outages at the same time (excepting outages due to mechanical failures that might occur at an even more local level).
The community of households we study was uniquely interesting because apartments in this development lay at the
boundaries of two feeder catchment areas. Two lines from the grid – each connected to a different feeder – supplied power
to the development and at the time of construction each apartment was connected to one of these two feeders.24 This
assignment could not be changed thereafter. Fig. 7, Panel A, illustrates the situation more clearly.
Because outages are scheduled at the feeder level, whether a speciﬁc household received grid power at any given time
depended on whether the feeder to which it was linked was being supplied power. Two neighboring homes, connected to
two different feeders, might therefore not face identical outages on any given day because of factors exogenous to any local
demand variations. In Fig. 7 Panel A, imagine a demand spike within the larger population of utility consumers connected
to Feeder 2. This event might induce an outage in Feeder 2 that would not affect houses connected to Feeder 1.
Note that these cross-sectional differences in outages are driven by factors exogenous to local demand. By themselves,
a few hundred households would not signiﬁcantly inﬂuence feeder level demand or supply characteristics since they make
up only a small fraction of overall feeder load.25 Instead differences in electricity demand and supply within the larger
populations connected to each feeder (or independent utility decisions on allocation of outages across different feeders),
drive the probability of seeing an outage.
Fig. 7 Panel B plots differences in outage hours over time between the two groups of households connected to two
different feeders. Over the long run, these differences are insigniﬁcant since the across-group differences in experienced
outage durations ﬂuctuate around zero. On any given day however, one half of households in the community may face a
lower or higher number of outage hours than the other half. These differences in outage durations directly translated to
differences in the average electricity price for the day because during periods when grid power was unavailable, households
were supplied higher priced captive power.
In addition to cross-sectional variation, because households have access to electricity with or without outages and because
variations in day to day outages are plausibly dependent on factors outside local consumption, outage variations across time
may also be a useful source of identiﬁcation.
6.1. Estimating price elasticity
Consider a reduced-form equation relating consumption to price,
Yi,t = t + ıi + Pi,t + i,t

(4)

24
No other observable differences existed in the construction or size of these two types of apartments and on average their occupants record statistically
similar electricity intensities.
25
Apart from this, it would be surprising for half the households in the same apartment complex to experience signiﬁcantly different coordinated demand
shocks from the other half.
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Table 4
Price elasticity estimates using outage variations.

All
Control
Treatment
Incentive
Information
Outage fraction
TFE

(I) price

(II) log(price)

(III) price

(IV) log(price)

−4.51*** (1.02) [−0.40]
−2.18 (2.03) [−0.20]
−5.16*** (1.20) [−0.45]
−5.88*** (1.47) [−0.51]
−3.72* (2.09) [−0.34]

−0.08* (0.05)
0.04 (0.10)
−0.13** (0.06)
−0.14** (0.07)
−0.09 (0.10)

−6.75***
−6.17***
−9.00***
−9.60***
−7.80***

−0.31***
−0.28***
−0.41***
−0.44***
−0.36***

Yes

Yes

No

(0.5) [−0.60]
(1.00) [−0.56]
(0.6) [−0.79]
(0.76) [−0.83]
(1.05) [−0.71]

No

(V) Outages

(0.02)
(0.04)
(0.03)
(0.03)
(0.05)
−40.10*** (9.08) [3.58]
Yes

Notes: For models III and IV, equality of control and treatment price coefﬁcients is rejected.
For models III and IV, equality of information and incentive coefﬁcients is not rejected.
For models I and II, equality of control and treatment price coefﬁcients is not rejected.
For models I and II, equality of information and incentive coefﬁcients is not rejected.
Bold values in square brackets are implied elasticities from the linear model at average.
consumption and prices.
Rows 1–5 are models using all households, controls, all treated, treated with information + incentives and treated with information only.
*
p < 0.1.
**
p < 0.05.
***
p < 0.01.

where t represents a period of time over which we observe cumulative electricity consumption Yi,t for household i.  t , ıi are
ﬁxed effects for every time period and every household controlling for household speciﬁc heterogeneity and time shocks
to consumption (including temperature, rainfall etc) that affect the experimental population as a whole. Pi,t represents the
average electricity price seen by household i during time period t. Pi,t is computed as the weighted average of grid and backup
tariffs over time period t with the weights being the fraction of time in t that each power source was being consumed. A
random source of variation in P (induced here by variations in the number of hours of outages) therefore allows us to estimate
the price elasticity from .
Real time electricity consumption data was not made available to us during the experiment. Electricity consumption
measures therefore consisted of cumulative consumption aggregated over a two or three day period, from April through
August. This was obtained by electronically querying the meter status for all households at the same time thrice a week. The
deﬁnition of a ‘time period’, t, refers always to such an interval and is identical for all households. For instance if the metering
database for all households was queried on Monday at 12 noon and then Wednesday at 12 noon, the intervening period
would form a ‘time period’ in this experiment. Total consumption of any household across this time period may be obtained
by differencing meter readings on Wednesday and Monday. Since there were two distinct meters and thus meter databases,
this process allows for the separation of consumption into low priced and high priced components and the computation of
outage minutes within this time period. Since a week has seven days, three queries in a week result in two time periods
measuring 48 hours each and one spanning 72 h.
Eq. (4) can be used to estimate elasticities for a variety of population sub-groups in the experiment. In Table 4 Rows 1–5
present estimates of  for all households, control group households, all treated households, households receiving information
and incentives (NI) and households receiving information only (N). Row 6 presents a model using the share of outage hours
instead of price on the right hand side of Eq. (4).
I use different variants of Eq. (4) to estimate price elasticities, tabulated in Table 4. The most common alternative to the
linear-linear model in Eq. (4) would be a log-log model. However, because consumption observations vary across a wide
range of values during the summer (including numbers close to zero), it is necessary to add a constant to consumption
ﬁgures in order to avoid very large negative values on the left hand side.
Columns II and IV present log-log models for information but these are not my preferred speciﬁcations and suggest very
low elasticities. Columns I and III present estimates from the linear model of Eq. (4) with the bold ﬁgures in square brackets
presenting the implied elasticities at mean values of consumption and average prices.
The other choice on speciﬁcations involves the use of time ﬁxed effects. Including time ﬁxed effects ignores the relatively
larger price variation across time periods, reduces power, and identiﬁes elasticities only using variation within successive
time periods. Rows IV and V of Table 4 present estimates from models that do not include time ﬁxed effects. In general
dropping time ﬁxed effects produces larger elasticity estimates with column III suggesting an average price elasticity for
control households of −0.56 (as against −0.20 when including time ﬁxed effects). This estimate provides the most conservative assessment of the effectiveness of the information only treatment relative to tariff changes. At an elasticity of −0.56, a
7 percent reduction in consumption due to the provision of information alone corresponds to a tariff increase of about 12.5
percent.
Across all speciﬁcations, treatment households (with or without incentives) appear to respond more strongly to price
than control households.26 Jessoe and Rapson (2014) ﬁnd a similar interaction in the context of in-home electricity displays

26
The high standard error of the control group elasticity in models with time ﬁxed effects means that we cannot reject equality of treatment and control
elasticities in these models. Point estimates are very different however and we can reject equality in models without time ﬁxed effects.
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in the United States. This is also a short-run elasticity which seems an appropriate measure to use as a comparison to the
other behavior change instruments I examine.27

7. Conclusions
Policymakers often ﬁnd it desirable to intervene in markets with a view to changing consumption behaviors. An important
example involves the demand-management of electricity consumption, especially in the residential sector.
Various instruments have been recommended in order to change energy-use behaviors. These include modifying market
prices (sometimes through taxes or subsidies), offering conditional or unconditional ﬁnancial incentives, and deploying
non-monetary behavioral interventions or ‘nudges’ (Thaler and Sunstein, 2008). Both nudges and conditional incentives
have grown increasingly popular in electricity demand management (Ito, 2015) and peer comparisons in particular have
been recommended as a useful tool (Allcott and Mullainathan, 2010).
Yet while these instruments have signiﬁcant potential, much remains to be learned about how people respond to nudges
and when they might fail to work. In particular, we know little about the effectiveness of nudges in the presence of other
determinants of behavior such as market prices and ﬁnancial incentives. Filling these gaps is a pre-requisite to incorporating
nudges into the policymakers toolkit and designing reliable instruments with quantiﬁable and predictable beneﬁts.
This paper makes a contribution towards this end. A ﬁeld experiment is used to provide evidence from a real-world
program that underlines the potential of nudges and also highlights some of their limitations. The results of this study
suggest that nudges (in this case using peer comparisons) can change energy behaviors in developing country populations.
This replication is important in the light of well known results suggesting that many experimental results on human behavior
obtained from western societies are hard to replicate with other populations (Henrich et al., 2010). Because the effect sizes
measured are economically signiﬁcant, these results may carry direct policy implications for the use of these tools in the
Indian context.
In addition to benchmarking nudges, a natural experiment - embedded within the randomized control trial - enables us
to simultaneously evaluate short run household responses to price changes. For the population studied in this experiment,
replicating the mean effect of the nudge through tariff changes alone would require at least a 12.5 percent increase in the
price (see Sections 6 and 5.1).
While effective at changing consumption, the nudges studied here also appear to have important limitations. The effectiveness of this tool is not uniform across underlying electricity prices and possibly time of day consumption (Section 5.1) In
terms of ﬂexibility while retaining predictable impacts, traditional policy tools centered around changing prices might offer
advantages over some behavioral interventions. In addition, the response to information is sensitive to other incentives. In
particular, coupling nudges with small monetary incentives removes their effectiveness almost entirely. This suggests the
need for caution in using conditional cash transfers – at least in this setting.
In other words, although nudges may have signiﬁcant potential, they also come with challenges for policy makers seeking
to use them in reliable ways. In the case of electricity demand management, nudges are unlikely to be implemented in
isolation and consumers may often be subjected to a variety of different incentives. The dependence of nudges on market
prices, as well as the potentially negative effect of conditional ﬁnancial incentives on existing behavioral cues, also raises
important design questions for the application of these instruments more generally.
Conditional cash transfers provided by a third party have been successfully applied in various arenas including health
and education (Gneezy et al., 2011; Fiszbein et al., 2009). However there are also examples where they have had little impact
on incentivized behaviors or even had negative effects (Benhassine et al., 2013; Gneezy and Rustichini, 2000). The publicly
unobservable consumption of resources may be one of those settings and this question is worth studying further. Further,
one factor that may lead to the perverse outcome of incentive contracts are pre-existing principle agent relationships.
Governments and electricity utilities often suffer from a lack of trust amongst the population and these issues may be of
ﬁrst order concern in determining how people react to ﬁnancial contracts aimed at changing what they do. This is not the
only possible mechanism that might explain the results I ﬁnd. Others such as motivation crowding out through the pricing
of a public altruistic behavior may also be important (Gneezy and Rustichini, 2000).
There remain various research questions whose investigation would inform the deployment of these instruments by
policymakers and contribute to our understanding of behavioral theory in the ﬁeld. For instance, it might be the case that nonmonetary incentives (such as gifts) perform better than cash rewards and work better when coupled with peer comparisons.
The entity implementing a speciﬁc treatment might also matter (utilities, local governments or resident associations). Further
research into these issues, especially in ﬁeld settings, would help us deepen our understanding of the mechanisms underlying
consumer response to these instruments, as well as help predict when nudges can reliably change behavior and when they
might get crowded out by other forces in the marketplace.

27
Survey evidence in Table A.1 suggests households did not respond to the nudge treatments by investing in new appliances (a long run adaptive
response).
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Appendix A. Supplementary data
Supplementary data associated with this article can be found, in the online version, at http://dx.doi.org/10.1016/
j.jebo.2016.12.015.
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