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Abstract
We provide households with high-frequency information on gas usage and/or
monetary incentives to reduce energy consumption. Information coupled with
incentives decreased consumption, and information without incentives increased
consumption. These effects persist a year later for those without incentives.
Both groups accessed the same information technology to learn preferences
and costs yet behaved differently. Households offered incentives explored colder
house temperatures, while those without incentives tried a warmer house. A
validated field measure of attention confirms effect sizes are largest for those
paying the most attention. Real-time information can decreases and increase
energy consumption, depending on the incentives to learn.
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Introduction

Incentives drive attention (Chetty et al., 2009; Farhi and Gabaix, 2020; Rees-Jones
and Taubinsky, 2020; Bordalo et al., 2013; Handel and Schwartzstein, 2018; Hastings
and Shapiro, 2013), but they might also direct attention away from actual preferred
alternatives. We present field experiment evidence consistent with a “distracting”
effect of incentives in the context of energy conservation. Consumers provided with
real-time, high-frequency energy usage data and a monetary incentive to reduce consumption learn to consume less energy, while consumers with high-frequency data,
but no incentive, learn to consume more. A significant gap in behavior between these
groups is detectable a year after the experiment. We use process and administrative
data to show that this finding is due to differences in experimentation with household
temperature settings across experimental groups. Those without conservation incentives tried out warmer temperature settings, while those with incentives mainly kept
their house cold. Both groups had access to the same ex-ante information technology
to discern preferences and costs for warmth, but they learned differently during the
study. This learning persists.
Imperfect information limits the ability of individuals to make optimal decisions
and the effectiveness of policies (Stigler, 1961; Leland, 1968; Sandmo, 1971; Gabaix,
2014; Farhi and Gabaix, 2020; Chetty et al., 2009; Taubinsky and Rees-Jones, 2018;
Jessoe and Rapson, 2014; Larcom et al., 2017). Providing relevant information could
improve decision-making. However, when attention is endogenous, features of the
choice set, i.e. prices, can affect how attention is allocated and processed (Bordalo
et al., 2013; Hastings and Shapiro, 2013; Handel and Schwartzstein, 2018). Individuals
might pay attention to different aspects of a decision problem (Hanna et al., 2014),
leading to persistent differences in behavior and outcomes. Reducing the cost to
acquire information might produce disparate effects when combined with incentives
or in isolation. Whether due to friction or mental gaps (Handel and Schwartzstein,
2018), there is no guarantee that the same information will have the same long-term
effects.
We use a field experiment in the context of energy conservation to explore how
learning and behavior can take different pathways in the presence of relevant highfrequency information and monetary incentives. Research on energy usage has shown
that access to easy-to-use information can significantly increase price responsiveness
(e.g. Jessoe and Rapson, 2014; Harding and Lamarche, 2016) and access to more
frequent information on usage and costs can reduce consumption (e.g. Houde et al.,
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2013; Gans et al., 2013; Martin and Rivers, 2018; Asmare et al., 2021).1 Indeed,
the body of empirical literature on energy conservation suggests that information on
usage should have an additive effect. Economic theory, however, is agnostic about
whether information would increase or decrease energy conservation. For instance,
consumers might overestimate the marginal cost of a one degree change in temperature. Information shows the cost is lower than anticipated, and consumers increase
energy usage. There is a growing number of products that give consumers access
to energy usage information and tools to manage usage, suggesting information is
helpful for conservation, but this might not always be the case.2
To get a comprehensive picture of the effects of information and incentives on
energy use, we deploy a 2×2 experimental design, producing four treatments that are
implemented in the same setting. One arm varies whether or not participants receive
real-time, high-frequency information on usage via a web portal. This is crossed
with another arm that varies whether or not participants receive monetary incentives
to reduce energy consumption. Our design allows to see the effect of information,
with and without incentives, to understand if learning is different in the presence
of incentives. The design also uncovers the effect of incentives, with and without
information, the effect of information relative to none and the effect of incentives
relative to none.
Related studies have included a subset of these four treatment groups.3 Jessoe and
Rapson (2014) did not include an information group without incentives. If the effect
of information is additive, i.e. not affected by the presence of incentives, from their
results, we could determine the net effect of information as the difference between the
incentive group with information and the incentive group without. This implies the
1

There is a robust literature that provides social comparison information to consumers and examines its effect on energy consumption (e.g. Schultz et al., 2007; Allcott, 2011; Allcott and Rogers,
2014; Costa and Kahn, 2013; Ferraro and Price, 2013; Burkhardt et al., 2019; Byrne et al., 2018).
In our study, we provide private, real-time, high-frequency, descriptive information on energy usage,
not social comparison information. Our study is distinct from this literature. Meta-analyses that
combine studies using all types of information interventions (i.e. usage feedback, audits, tips, social
comparison) suggest an energy consumption reduction of 5-7% (Nemati and Penn, 2020; Delmas
et al., 2013).
2
Programmable thermostats and Nest thermostats are two popular examples. Evidence suggests
these technologies do not deliver as promised. In a well-powered field experiment, Brandon et al.
(2021) find smart thermostats yield a null effect on energy consumption because humans undo the
energy savings programmed by engineers. Buchanan et al. (2015) argues that energy usage feedback
may not be welfare-enhancing.
3
Given our focus on learning with and without incentives, our experimental design is closest to
Battalio et al. (1979) who have a sample size of n=100. Our study sample size is large enough
to allow detection of a failed replication as suggested by Simonsohn (2015), who proposes that a
replication should use a sample size two and a half times the original.
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effect of information is to further reduce consumption. We find the opposite result
in our field experiment. Battalio et al. (1979) did not include an incentive group
without information. The net effect of information in their study is the difference
between the Control group and the group that got information, which is an increase
in consumption. Taken together, these studies suggest that information can yield
increases and decreases in consumption, but this could be due to differences across
samples, the effect of information proper or treatment comparisons. Studies showing
that information alone reduces energy consumption might reflect differing pre-existing
levels of uncertainty or tolerance to it.4 Our study employs the same population,
where these observables are balanced, and systematically changes the availability of
information and incentives across randomly-assigned treatments.
A more complete picture of the effect of information on decisions requires insight
into individuals’ demand for information. To our knowledge, this has not been studied in the context of energy usage.5 Information theories predict that the demand
for information should be increasing in its impact, and we can test this with our
process data on web portal usage. A telltale sign that information can have positive
or negative effects on conservation is that the gap in behavior across treatments is
increasing in measures of attention. The field measures of information acquisition,
or attention, we collect via process data provide an example of how predictions of
rational inattention models (Mackowiak et al., forthcoming) can be tested.
The field experiment was conducted in the city of Anchorage, Alaska during the
winter months and focuses on gas consumption for home heating. In Anchorage,
households receive aggregate information on monthly gas consumption. Thus, realtime, high-frequency usage information was novel. Those in the information conditions installed a device in their homes that read their gas meters and recorded the
temperature inside the home every 5 minutes. This information was available to participants via a web portal in real time. Contemporaneous outside temperature was
also provided on the portal and sourced from local weather station data. The portal
displayed a graph of the energy cost as a function of inside and outside temperature to
help participants learn how energy costs depend on this difference.6 The web portal
4

The literature on precautionary saving Leland (1968) suggests that individuals might consume
less due to income uncertainty. This has an analogue in energy consumption if individuals are
uncertain of the costs associated with different actions.
5
Jessoe and Rapson (2014) collected survey responses on the frequency of use of the device
installed in the households. They show that more frequent reported use is associated with higher
price responsiveness as predicted by theory. We build on their approach by obtaining field measures
of demand for information from process data.
6
Engineering models of indoor heating show an almost linear relationship between energy use
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was designed by us to track usage. While we cannot know what participants learned
when accessing the portal, the process data on usage allow us to measure the demand
for information.
The incentive arm of the field experiment was implemented as a monetary bonus.
For every 1% reduction in gas usage during the study period, relative to the same
period in the prior year, was awarded $10. The bonus was capped at $100, or a 10%
reduction in usage, to mitigate extreme reductions in home temperature.
We partnered with ENSTAR, the company that provides gas service to the Anchorage Bowl area, and the Alaska Housing Finance Corporation (AHFC) to implement the field experiment. ENSTAR contacted by email roughly 42,000 of its
customers in the city of Anchorage and invited them to participate in a study on
energy usage. Interested individuals completed an online signup survey that included
questions on household characteristics and was used to determine study eligibility.
We estimate that roughly 7,140 individuals opened the email.7 Over 1,500 individuals completed the signup survey, and 652 households met eligibility requirements
for the study. All eligible households were randomized into one of the four treatments. ENSTAR provided administrative data on gas usage prior to, during and
after the intervention. We use these data to test for, and reject, selection effects
into the study and attrition bias in survey responses.8 Not all households successfully installed the gas reader, so we use assignment to treatment as an instrument
and estimate difference-in-difference effects using treatment-on-the-treated, as well as
intent-to-treat. We also test for rank similarity (Chernozhukov and Hansen, 2005;
Frandsen and Lefgren, 2018), as that allows us to examine the causal effect of web
portal usage on gas consumption.
We have several key findings. First, we document large heterogeneity in the
marginal cost to heat a home, reflecting variation in home energy efficiency. Uncertainty of these costs is a necessary condition for information to have any value to
a household. Second, access to high-frequency information on gas usage decreased
energy consumption when coupled with monetary incentives but increased energy
consumption when incentives were absent. Third, the additive effect of information
to incentives is null. If information helps consumers learn costs or better monitor
consumption, we would have expected the additive effect of information to be negaand the gap between outside and inside temperature (ASHRAE, 2017).
7
The email campaign did not record whether or not the email was opened. We assume a 17%
open rate, based on industry averages.
8
This is a natural concern since our field experiment is what Harrison and List (2004) call a
framed field experiment. In this context, households select to be participants in the study.
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tive. Fourth, the change in energy usage across treatments persists a year after the
intervention for those who learned to use more energy.
How do we understand our findings? Both groups that had access to highfrequency information on usage had the potential to learn the same during the study,
but they did not. This cannot be attributed to inattention. Our measure of attention
via usage of the web portal shows that the more attention paid the more different
those with and without incentives behave. The result is consistent with participants
focusing on different aspects of the decision, i.e. cost and comfort, rather than not
paying attention at all, and is predicted by a behavioral model of attention (Farhi and
Gabaix, 2020). Indeed, the divergent consumption behavior across the two groups
can be explained by different exploration of home temperature settings. Those with
incentive to conserve were more likely to choose low home temperature settings during
the study. But those with no incentives were more likely to keep the house warmer.
Incentives prevented one group from trying out a warmer house, and they returned
to previous consumption levels when the incentives were removed. Those who tried
out warmer temperatures stuck with this a year later.
Our paper relates to the burgeoning literature on attention and costly information
acquisition (Caplin, 2016; Gabaix, 2019; Mackowiak et al., forthcoming). We provide
new evidence consistent with the endogeneity of information acquisition. Our study
points to the fact that the value of information depends on individuals’ preferences
and incentives. An important insight from this literature, which we confirm, is that
attention increases the ability to react to policy changes. Our results suggests caution
is needed in extrapolating results from information interventions without an understanding of information acquisition or demand.
The effect of providing various types of information (i.e. usage, tips, social comparison, etc.) on energy consumption is highly variable (for reviews of studies, see
Nemati and Penn, 2020; Delmas et al., 2013). Our findings suggest that these disparate results may be because information is costly to acquire and process. Without
additional knowledge of information acquisition or demand, it may be difficult to extrapolate results from information interventions to other settings. Nonetheless, some
insights can be gleaned. For example, a behavioral model of attention predicts that
treatment effects, be they positive or negative, are increasing in the amount of information acquired. The effect of information need not be monotonic since it depends
on an individual’s objectives. The results of our field experiment corroborate these
predictions.
The paper is organized as follows. Section 2 provides a behavioral decision frame5

work. Section 3 describes the experiment, and Section 4 describes the field setting. Section 5 presents results on heterogeneous energy costs, intent-to-treat and
treatment-on-the-treated effects on energy usage and a rank similarity test that allows
for causal estimates of information on energy usage. Section 6 discusses mechanisms
that might explain our results, Section 7 presents welfare calculations and Section 8
concludes. A series of appendices collect additional results.
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Behavioral decision framework

Before we describe the field experiment design, we present a simple model of endogenous attention and energy consumption. This frames the decision problem faced by
individuals with multidimensional attention on learning their preferences for a warm
house and the cost to provide warmth. The model follows the approach proposed by
Farhi and Gabaix (2020) who analyze welfare implications of behavioral biases and
captures singular testable implications that models without endogenous attention do
not predict. A full description of the model is in Appendix A.
We distinguish between decision utility us and actual utility u. Let the actual util 1−1/e
τ
θ
+
ity of household temperature τ given income y be equal to u(τ, c) = 1−1/e
θ
y − pτ where p is the marginal cost of an extra degree of warmth. c is consumption
and substituted out with the budget constraint, y = c + pτ . Parameter θ captures
heterogeneous preferences for warmth and parameter e represents the price elasticity.
We assume a constant elasticity representation for clarity.
Consumers may perceive their preferences for warmth and the marginal cost of
warmth as different to what they are, i.e. θs 6= θ, and ps 6= p. For given parameters θs
 1−1/e
θs
τ
+ y − ps τ . We represent
and ps , decision utility is defined by us (τ, c) = 1−1/e
θs
utility this way because we do not know ex-ante if consumers in the experiment will
learn their true preferences or the true cost of consumption.
To allow for endogenous attention and learning, we define aθ as the amount
of attention a consumer devotes to learning her preferences and define ap as the
amount of attention a consumer devotes to learning about price. We assume that
ai ∈ [0, 1], i = θ, p. We also assume that attention is costly and equal to κ(aθ + ap ).
We make this assumption for three reasons. First, as shown by Gabaix (2014), this
function allows for a corner solution in which an individual pays no attention. Second,
as show in the empirical analysis, we do not have separate proxies for these two types
of attention. Last, the revealed preference intuition we present is independent of this
latter assumption.
6

We assume that perceived parameters are a linear combination of real parameters
and default values and that attention is multidimensional. In particular, perceived
preference is θs (aθ ) = θd + aθ (θ − θd ), where aθ is the attention placed on preferences,
θd is a default preference and θ is the real preference parameter. The perceived price is
ps (ap ) = pd + ap (p − pd ), where ap is the attention placed on price, pd is a default price
and p is the real price. If the consumer is fully attentive in both domains, i.e. aθ , ap =
1, they respond to real preferences (θ) and price (p). We let τs (θs (aθ ), ps (ap )) = θs p−e
s
be the optimal household temperature choice given perceived preferences and price.
In the case of new information or changes in the cost of attention, consumers
allocate attention to preferences and price to maximize actual utility knowing that
their own behavior will follow perceived parameters rather than actual parameters.
The intuition is that consumers will develop attention-constrained optimal choices.
Given an amount of attention (aθ , ap ), a behavioral-constrained individual will choose
according to (θs (aθ ), ps (ap )), the perceived parameters, not the actual ones. So, an
omniscient ego will maximize actual utility in anticipation of constrained decisions.
In particular, attention will be allocated to solve:

maxaθ ,ap θ1/e

1
τs (θs (aθ ), ps (ap ))1−1/e − pτs (θs (aθ ), ps (ap )) − κ(aθ + ap )
1 − 1/e

(1)

Equation (1) shows that the consumer chooses the amount of attention to place on
learning preferences and price by maximizing actual utility under the assumption that
later decisions will be made based on perceived parameters not actual parameters,
i.e. according to τs (θs (aθ ), ps (ap )). Default parameters θd and pd are assumed to be
the result of previous attention allocation decisions. We do not assume that these
default parameters are correct, but rather the individual’s model of the world evolves
as circumstance change.
The solution to this maximization problem produces several insights.9 First, in
the case of over-consumption, a consumer will place more attention on the price of
warmth if that price increases.10 This would be true if a subsidy is offered to reduce
consumption, as in our field experiment. At the same time, the subsidy can crowd
out attention placed on learning one’s own preferences for warmth. Second, in the
case of under-consumption, a consumer will place more attention on preferences for
9

Presentation of the full solution is in Appendix A.
Over-consumption means that at actual utility the marginal utility of consumption is smaller
than marginal cost. Under-consumption means that at actual utility the marginal utility of consumption is larger than marginal cost.
10
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warmth and less on price. There is less incentive to update information on cost that
might lead to even lower consumption. While the model is stark, in that the consumer
might pay attention to one dimension and not the other, it highlights the potential
differential effect of access to information when attention is multidimensional.
The main prediction from the model for our field experiment is that attention
is driven by treatment incentives. The placement of attention on price or preferences depends on the incentive provided to learn in that dimension. For instance,
in a treatment that provides monetary incentives to reduce gas consumption, more
attention resources would be devoted to learning about price. Without incentives,
attention resources could to be devoted to learning preferences and price.11 This
means that providing information on energy usage could lower consumption when
coupled with monetary incentives but increase consumption without incentives. In
other words, people can get “distracted” with incentives and learn differently in the
same information environment.
By contrast, if attention is unidimensional, then giving access to real-time information on usage should have the same directional effect, whether or not there are also
monetary incentives to reduce consumption.12 People would learn the same things
in the same environment. This would be consistent with Jessoe and Rapson (2014)
where real-time information on energy usage increased price responsiveness. However,
when attention is multidimensional, information on energy usage by itself, without
any monetary incentives, could result in higher usage, because the consumer focuses
attention on learning preferences for warmth rather than price. Comparative statics
show that treatment effects increase as more attention is paid to learning preferences
and price.
Once monetary incentives or real-time information are removed, behavior could
revert to old patterns, but behavior learned in the absence of incentives should persist.
This occurs because, when there are incentives to reduce energy usage, the focus is
on price only, not preferences for warmth, so the consumer does not learn how to
improve comfort. However, those who have no incentive to pay attention to price may
instead pay attention to comfort. They may learn that a warm house is preferred
and does not cost as much as anticipated. Such learning would persist. We note
11

The empirical results suggest that participants are not fully aware of their preferences, so a
model of multidimensional attention on preference and price is most consistent with our findings.
Discussion of an alternative model with multidimensional attention on price and tax/subsidy is
presented in Appendix A.
12
Gabaix (2014); Farhi and Gabaix (2020) show that price responsiveness will increase with reductions in attention costs.
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that if instead attention was unidimensional the consumer should be able to discover
their preference for warmth in all treatments. When attention is multidimensional
on price and comfort, however, the same information about price and preference may
not be learned in all treatments. Consumers focused on obtaining the monetary
incentive to reduce energy usage may never explore warmer house temperatures and
learn their preference for a warmer house. Our empirical findings are consistent with
this explanation.

3
3.1

Field experiment
Design

The field experiment is designed to test the effects of high-frequency, energy-usage
information and conservation incentives on energy consumption of natural gas.13 The
four treatments are based on a 2 × 2 design that varies access to information and
incentives. The Control condition has no information and no incentives, Incentive
Only has incentives, Information Only has information, and Information and Incentive
has information and incentives. All treatments included a web link to tips from the
Alaska Home Finance Corporation (AHFC) on how to save energy.
The high-frequency usage information is displayed in real-time via an online dashboard that can be accessed on any internet page. Participants log in to their account
with their email address and password. The dashboard shows five panels of information: instantaneous usage (CCF) displayed in 5-minute intervals, cumulative usage
(CCF), 5-minute interval usage displayed in cost ($), cumulative usage in cost ($)
and a panel that shows instantaneous usage, indoor temperature and outdoor temperature. The user can click to change the time frame displayed (i.e. day, week,
month, year) and date range for all panels.14 Interactions with the dashboard are
recorded through logins and clicks on dashboard panels. A self-installed device in the
participant’s home reads the gas meter and indoor temperature in 5-minute intervals.
The incentive to reduce gas usage is based on a year-over-year decrease in consumption. For every 1% reduction in usage during a four-week period, relative to the
same period in the previous year, a participant is paid $10. Payment is capped at
$100 (or a 10% reduction in usage). The incentives were calibrated based on evidence
13

The study is registered at the AEA RCT Registry (AEARCTR-0003938) and has human subjects
approval from Texas A&M University (IRB2018-1356M).
14
A screenshot of the dashboard panels is in Appendix B. The dashboard is personalized with the
user’s previous year energy consumption. This is displayed if the user clicks month or year.
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that a one-degree reduction in indoor home temperature would reduce consumption
by 2-3% and that price responsiveness is low.15 These design elements limit the incentive for an extreme reduction in indoor home temperature yet provide scope for
differential response across participants.

3.2

Implementation

The field experiment was conducted in Anchorage, Alaska in the winter of 2019. We
partnered with ENSTAR, the company that provides gas service to the Anchorage
Bowl area, and the Alaska Housing Finance Corporation (AHFC).16
In early January, ENSTAR sent an email to roughly 42,000 of its customers in the
city of Anchorage inviting them to participate in a study on energy usage in Anchorage.17 The email invitation randomized the advertised study completion payment,
either $40 or $60. To sign up, interested individuals completed an online signup survey that included questions on household characteristics and was used to determine
study eligibility. We estimate that roughly 7,140 individuals opened the email.18 The
signup survey was completed by 1,565 individuals, giving a response rate of 4% to
emails sent and 22% of emails opened. Those who were offered a study completion
fee of $40 or $60 were equally likely to complete the signup survey.
To be eligible for the study, participants needed to have broadband home internet
service, a dedicated gas meter for the residence, have resided at the house for at least
a year and reside in a single-family home. The first two requirements were needed
for the gas reader to work properly.19 A year of residency was needed to be able to
implement the incentive treatments, and a single-family home provided more variation
in energy usage and scope for changes. There were 652 eligible households, and these
were randomly assigned to one of the four treatments: Control (215), Incentive Only
(218), Information Only (60) and Information and Incentive (159). The treatments
are balanced on covariates (Table C.1).
15

The engineering projection of temperature reduction and energy savings is based on chapter 17
in ASHRAE (2017).
16
The Alaska Housing Finance Corporation (AHFC) oversaw the Home Energy Rebate Program
(HERP) in 2008-18, an incentive program to make homes more energy efficient, and is a respected
organization in Anchorage specializing in home energy efficiency.
17
The email invitation text is included in Appendix B.
18
The email campaign did not record whether or not the email was opened.
We assume a 17% open rate, which is in the middle of the range of open rates across industries,
https://mailchimp.com/resources/email-marketing-benchmarks/.
19
The ENSTAR gas meter also needed to be a new generation for the reader to work. ENSTAR
was in the process of replacing the meters, but not all eligible households had one installed.
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Households assigned to the treatments with information were mailed the highfrequency reader to self-install in their house. Instructions were included in the packet,
and the research team troubleshot installation issues both on the ground, over email
and on the phone. Installation was complete when the participant logged into their
account on the online dashboard. Despite our best efforts to install all the readers,
some were never installed due to technical issues or participants not setting them
up. In the end, 124 readers were installed, 34 (56.7%) in Information only and 90
(56.6%) in Information and Incentive. In the Results section, we report outcomes
of the intent-to-treat sample and present analysis of treatment on the treated and
treatment noncompliance.
The initial study period was 28 days. Gas usage was collected during this period
and compared to the same time period the previous year to examine year-over-year
changes in gas usage. This period was Feb 1-28 for the Control and Incentive Only
conditions. Because of delays getting the reading devices installed, the period is Feb
9-March 8 for the Information Only and Information and Incentive treatments. We
adjust for these different periods in the analysis.
In a surprise to participants, a second 28-day study period was implemented March
9-April 5 and announced by email on March 8 to all participants. Participants in
incentive treatments were informed that they were eligible for an additional 28-day
incentive period – any incentives earned in this second period would be added to
any incentives earned during the first study period. The incentive conditions were
the same as the first period but with the comparison of usage to the corresponding
previous year period. All participants were reminded of the requirement to complete
the endline survey in April to receive the study completion payment ($40 or $60).
After the second study period concluded, participants were sent a final email
providing a link to complete the endline survey. Of the 652 participants assigned to
treatment, 72.7% completed the endline survey, 75.4% in the Control group, 76.2% in
Incentive Only, 60.0% in Information Only and 69.0% in Information and Incentive.
Upon completion of the endline survey, participants were paid their study completion
payment and, in the incentive treatments, any incentive payments earned via Paypal
or an Amazon gift card.

4

Field setting

Anchorage, Alaska has long, cold winters and mild summers. The mean temperature
is below freezing four months out of the year, below 40 degrees for six months and is
11

never above 60 degrees. The average annual number of heating degree days is over
10,000, compared to about 4,500 for the lower-48 states.20 Over 93% of households in
our sample use natural gas as the primary source of heating. Households in Anchorage
spend an average of 4.7% of their income on home energy use, compared to 3.1% in
the lower-48 states.21 Energy costs are sizeable, and this comes almost entirely from
heating in the roughly six months of winter.
Table C.1 in the Appendix presents descriptive statistics of the sample and shows
treatments are balanced across covariates. All the homes are single-family, and there
are an average of three total residents and 0.9 children per household. Half of survey
respondents are female, and average reported household income is $97,184. This is
higher than median household income for Anchorage, $84,928 (Census 2010), and
likely reflects that our sample is primarily homeowners (95%) and income in our
survey was self-reported in categories.22 Seventy-eight percent of households have a
programmable thermostat, and 35% participated in the Home Energy Rebate Program (HERP).23 The average home was built around 1980 and has an estimated
property value of $351,272. Feb-March 2018 gas bills were on average $378, according to administrative records from ENSTAR.

5
5.1

Results
Evidence of heterogeneous energy costs

We use data on indoor and outdoor temperature from households in the information
treatments to estimate individual-level cost parameters. This is an estimation of the
p parameter in the decision model in Section 2. Figure 1 presents these estimates.24
The average hourly cost of an extra indoor degree of warmth, relative to outdoor
20

http://climate.gi.alaska.edu/Climate/Normals
and
https://www.epa.gov/climateindicators/climate-change-indicators-heating-and-cooling-degree-days
21
Saylor et al. (2008) and https://rpsc.energy.gov/energy-data-facts
22
We used the median of the reporting category to calculate average income.
23
The Home Energy Rebate Program (HERP) ran from 2008-2018 and was administered by the
Alaska Home Finance Corporation (AHFC), a participating partner in the Department of Energy’s
Home Performance with ENERGY STAR Program. HERP provided households rebates for making
home improvements that increased energy efficiency.
24
Visual evidence of the linearity of the cost function is illustrated in Figure C in the Appendix.
The figure shows the relationship between the outdoor and indoor temperature gap and cost using
data from all readers. To estimate individual slope parameters, we run a fixed-effect regression
with interaction effects on the parameter associated with the difference between indoor and outdoor
temperature. Estimates are restricted to the period Feb 9 - April 5, 2019. To avoid extreme values,
we restrict the difference between indoor and outdoor temperature to be between 20 and 60 degrees.
This is 94% of the sample.
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temperature, is $0.006 (s.d. $0.004). This means that, if the indoor temperature is
70 degrees while the outdoor temperature is 30, the cost per hour would be $0.24
(s.d. $0.16). In this case, a reduction of the indoor temperature by one degree would
reduce the hourly cost by 2.5%. Due to linearity in the cost function, relative cost
savings depend only on the difference between indoor and outdoor temperature.
Figure 1 is based on information from a selected sample: those who have a working reader. To assess the representativeness of these data, we create proxies of the
slope of the cost function using administrative data prior to the experiment. The
expected cost of gas is ai + bi (indoor temperature-outdoor temperature). If the average indoor temperature is constant across months, we can exploit monthly outdoor
∆montly cost
temperature variation to approximate bi by the formula ∆outdoor
. The cotemperature
efficient of variation of the slope parameter using data collected using our readers is
0.6481. The coefficient of variation of the slope parameter using administrative data
is between 0.5544 and 0.7004 depending on the months of data used. This suggests
that heterogeneity of costs captured using our readers is a good representation of the
heterogeneity of costs in the entire sample.
We assess whether there is selection into the information treatments based on costs
by testing if the distribution of slope parameters is different between those who had
a working reader and the remainder of the sample. The p-value of the KolgomorovSmirnov test of equality of distribution ranges from 0.671 to 0.998.25 This lack of
evidence of selection based on the marginal cost of an extra degree of warmth inside
the house is consistent with the hypothesis that the average participant was not aware
of the relationship between marginal cost and indoor temperature. Thus, there was
scope for participants to learn marginal cost (i.e. p).

5.2

Methodology

The main analysis focuses on the effects of treatment assignment on gas consumption
(intent-to-treat) and causal estimates of the treatment on consumption (treatment
on the treated). Below, we describe the methodology.
5.2.1

Estimating intent-to-treat effects

The outcome variables we use are percent change in consumption for the year of the
intervention relative to the previous year and the percent change in consumption in the
25

We run several different estimations of the marginal costs, and the KS test is not significant for
any of them, hence the reported range.
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Figure 1: Heterogeneity in costs (slope parameters)
year after the intervention relative to the year previous to the intervention. These two
outcomes are used to identify quantile intent-to-treat (ITT) effects for each treatment
α
group. Equation (2) serves as our baseline estimation equation, where ∆yi,t
represents
the α−quantile of the distribution of changes in gas consumption and Zi represent
treatment assignment.
α
∆yi,t
= β0 + β1 Zi + εi,t

(2)

We use percent changes in behavior because that is the outcome on which incentives were calculated. Tables C.6 and C.7 shows that the results are similar if we
use differences in logs of gas consumption instead. Regressions are performed jointly
on all treatments unless explicitly mentioned. Quantile regressions are preferred for
two reasons. First, our data contain outliers. Table C.8 presents estimates of ITT
effects using trimmed OLS regressions and verifies that the results are similar to those
presented in the main body of the paper. Second, in the presence of non-compliance,
quantile regressions can be used to recover average treatment effects under rank similarity (see Chernozhukov and Hansen, 2005). We test for rank similarity (see Section
5.5) and do not reject it.
5.2.2

Estimating treatment-on-the-treated effects

We use the same two outcome variables described in the previous section and an
indicator of compliance to estimate treatment on the treated effects. Equation (3)
14

α
serves as our baseline estimating equation, where ∆yi,t
represents the α−quantile
of the distribution of changes in gas consumption and Ti represent a measure of
compliance with the treatment.

α
∆yi,t
= β0 + β1 Ti + εi,t

(3)

To recover causal estimates we use Chernozhukov and Hansen (2005)’s instrumental quantile regressions and assignment to treatment Zi as an instrument. We
approximate average treatment effects by averaging quantile treatment effects over a
grid of quantiles estimates and use bootstrap to calculate standard errors.

5.3

Intent-to-treat effects on energy usage

The main outcome of interest is gas usage during the study period in 2019 compared
to usage during the same period in 2018. Pooling the data from Feb 1 - April 5, the
left panel of Figure 2 shows the cumulative distribution of change in energy usage
for each participant household from 2018 to 2019 for each of the four treatments.26
The Control group decreased energy usage by a little over 10% on average. This
group had no incentives or information, and the decline reflects the fact that 2019
was a warm winter in Alaska. The two groups with incentives (Incentive Only and
Information and Incentive) decreased usage by about 15%, and the Information Only
group decreased usage by about 8%. Using first-order stochastic dominance tests, the
distributions of energy use are no different between Incentive Only and Information
and Incentive, but both incentives groups are different from the Control and the
Information Only groups. The reduction in usage for the Information Only group is
smaller than for the Control group.27
A similar pattern is observed a year later, in the same period in 2020 compared
to 2018, and illustrates the effects in the Information Only group are durable one
year after the intervention. The Control group increased consumption by 10%, the
Information Only group increased consumption by 11%, the Information and Incentive
and the Incentive Only group both increased consumption by 9%. The increase in
usage for the Information Only group is larger than any other group.28
26

We pool the data across the two 4-week study periods to simplify the analysis. Tables C.9 and
C.10 shows results separately for each period. They are noisier and there are some differences in
the responsiveness to treatment, however, this is not a challenge to our analysis since we are mainly
interested in the directional response to information. Figure 2 uses winsorized changes (2.5%) for
presentation purposes.
27
Table C.2 reports the test p-values.
28
Table C.3 reports the test p-values.
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Figure 2: Change in energy usage by treatment
Intent-to-treat estimates for these distributional changes, based on Equation (2),
are illustrated in Figure 3. The figure shows the coefficients and 90 percent confidence
intervals of quantile regressions of the change in energy usage from 2018 to 2019
and from 2018 to 2020 controlling for treatment assignment dummies.29 The Control
group is the omitted category, so the coefficients are relative to that group. Treatment
effects are significant for below median changes in consumption. Those in Information
Only increased usage relative to all groups, and those in the incentive groups decreased
consumption (but not differentially from one another).
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Note: All parameters are estimated jointly using the data from the treatments and the control group. Robust standard
errors are reported.

Figure 3: Intent-to-treat effects by change in usage quantiles
These findings highlight that monetary incentives to reduce energy usage are ef29

The regressions that generated this figure are reported in Tables C.4 and C.5.
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fective. The two incentive groups are not different from one another, and from that
result, one might conclude that high-frequency information on usage has no effect.
However, that would be premature. The Information Only group used more energy
than any other group. We reject the hypothesis that treatment effects are the same
for all 3 conditions for the 20% quantile to the 60% quantile.30
The long-term effects identified one year after the intervention suggest that participants learn different things across treatments and this is reflected in behavior
persistence. We can reject the hypothesis that participants in the Incentive Only and
Information and Incentive groups consumed more than those in the Control group
one year later.31 However, participants in the Information Only treatment continue
to consume significantly more than the Control group one year later. If the reason
the Information Only group consume more is solely due to learning that costs are
lower than anticipated, we would expect that those in the Information and Incentive
would reach the same conclusion and converge to similar behavior once incentives
were removed. That is not what we observe. Behavior a year later reflects different
learning by those in the Information Only and Information and Incentive conditions.

5.4

Treatment-on-the-treated effects on energy usage

Compliance with treatment assignment was not complete. Roughly four in ten participants assigned to the information treatments did not have a working gas reader
during the experiment. We estimate outcome effects of the treatment on the treated.
Compliance with treatment is defined as follows. In Information Only, compliers
are those who had a working reader. In Information and Incentive, compliers are
those who had a working reader or completed the endline survey (since that was a
requirement to receive the incentive payment). In Incentive Only, compliers are those
who completed the endline survey.32
The distributional effects of treatments for compliers is examined using Equation
(3) and estimated with instrumental variable quantile regressions. Assignment to
30

The p-values of the test of equality of treatment effects for each quartile are 0.0001, 0.0002,
0.0048, 0.0195 and 0.0600 respectively.
31
The p-values of the test of equality of treatment effects are <0.0001, 0.0125, 0.1903, 0.0277,
0.0312, 0.0288 for quantiles 10 to 60.
32
We cannot reject the hypothesis that the distribution of outcomes of those we classify as noncompliers and those in the control group is the same (KS p-value = 0.16). The test comparing
non-compliers in the Information Only and Incentive Only and Control are not significant (p-value
= 0.817 and p-value = 0.741). The test is marginally significant if we compare the Information and
Incentive to the Control (p=0.083).
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treatment is used to predict compliance.33 The estimates are of treatment effects on
the treated, i.e. one-sided noncompliance, since participants in the Control group
could not access the treatments. Figure 4 shows regression coefficients and standard
errors by quantile.34
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Note: All parameters are estimated separately using the data from the specified treatment and the control group.
The measure of compliers in Information Only is an indicator of an installed reader. In Information and Incentive,
it is an indicator of having an installed reader or completion of the endline survey (endline survey completion was a
condition to receive incentive payments). In Incentive Only, it is completion of the endline survey. Robust standard
errors are reported.

Figure 4: Treatment on the treated effects by change in usage quantiles
The left panel in Figure 4 compares all treatments. Consistent with intent-to-treat
estimates shown in Figure 3, it shows significant treatment effects below the median
change in consumption. Households with incentives significantly reduced consumption relative to the Control, and those in Information Only significantly increased
consumption. The right panel is also consistent with intent-to-treat estimates in Figure 3. Those in Information Only continue to consume more energy one year after
the intervention concluded.
We conclude that those in Information Only behave as if they learned about
33

The treatment effect on the treated is estimated for each treatment separately using Stata ivqte.
Similar results are obtained using Stata sivqr. Estimating the effect of readers assuming its installation is exogenous (QR) or endogeneous (IV-QR), where QR uses standard quantile regressions while
IV-QR uses the procedure proposed by Frolich and Melly (2010) to estimate quantile treatment
effects, yield similar results. Estimates are virtually identical if we use the Kaplan and Sun (2017)
method to implement the Chernozhukov and Hansen (2005) approach. We formally test for rank
similarity, the main assumption behind the Chernozhukov and Hansen (2005) approach, in the next
section. Stata ivqte implements the Abadie et al. (2002) estimator in our setting. This estimator
exploits monotonicity, instead of rank similarity, to identify quantile treatment effects. The consistency in results using alternative estimation methods, and underlying assumptions, suggests the
results are robust. For a similar comparison see Chernozhukov and Hansen (2004).
34
Tables C.11 and C.12 report the quantile regressions underlying the figure.
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comfort, and those in Information and Incentive seem to focus on securing their
bonuses, thus not exploring the option of comfort. This is consistent with the main
model predictions in Section 2.

5.5

Rank similarity and the causal effect of information

We would like to know if real-time information on energy usage has a causal effect on
consumption behavior in the population. To explore this, we appeal to the condition
of rank similarity (Chernozhukov and Hansen, 2005; Frandsen and Lefgren, 2018). If
rank similarity holds in our experiment, we can estimate the causal impact of portal
usage on energy consumption.35
Below, we test for rank similarity. In Section 6.3, we report the causal impact of
portal usage.
Rank similarity (Chernozhukov and Hansen, 2005) requires that the conditional
distribution of ranks across counterfactual treatments to be identical in all treatment
states. Frandsen and Lefgren (2018) develop a test of rank similarity based on the
existence of variables that predict treatment ranks but not treatment assignment. We
construct such a variable using administrative data on the yearly change in consumption during the month prior to the experiment (January 2019). We confirm that this
variable is not correlated with treatment assignment or installation of the reader at
conventional levels.
The rank similarity test examines if the rank in consumption pre-experiment predicts treatment outcome ranks but not treatment selection.36 Table 1 presents the
results of the test. Columns 1 and 2 pertain to the Information Only treatment and
Columns 3 and 4 to the Information and Incentive treatment. The Control group is
included in all regressions. The dependent variable is the rank in either the treated
or control condition. The rank of yearly change in consumption in January strongly
predicts ranks. However, it does not have a differential impact on rank across treated
and non-treated participants, as expected if rank similarity holds.
35

We test for rank similarity because we would like to estimate the causal effect of a continuous
treatment, i.e. portal usage, on consumption. Following the approach in Chernozhukov and Hansen
(2005), which requires rank similarity, provides such estimates.
36
For our test, the dependent variable is defined as the rank of change in consumption during
the study, Feb-April 2019 compared to Feb-April 2018. The independent variables are a dummy
for whether the reader was installed, the rank of change in consumption in January 2019 compared
to January 2018 and an interaction of the two variables. A set of regressions is run combining
the Control and Information Only participants and another set with combining the Control and
Information and Incentive participants and reported in Table 1.
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Table 1: Test of rank similarity
Reader installed
Yearly change (%) in cons. in January 2019
Reader installed×Yearly change (%) in cons. in Jan. 2019
Constant
Observations
R2

(1)
(2)
Information Only
Median regression
OLS
-0.1040
0.0222
(0.0986)
(0.0612)
1.6768
1.0905
(0.2574)
(0.1599)
-0.7495
0.0374
(0.6968)
(0.4329)
0.6286
0.5948
(0.0340)
(0.0211)
274
274
0.168

(3)
(4)
Information and Incentive
Median regression
OLS
-0.0463
0.0169
(0.0701)
(0.0475)
1.7018
1.2201
(0.2006)
(0.1361)
0.0199
0.2366
(0.5880)
(0.3990)
0.6411
0.6032
(0.0271)
(0.0184)
372
372
0.207

Notes: Standard errors in parentheses. The test of rank similarity follows Frandsen and Lefgren
(2018). Ranks are constructed using the Chernozhukov and Hansen (2006) procedure. Estimations
are done separately for the Information Only and Information and Incentive treatments, hence the
difference in observations.

6

Potential mechanisms

The evidence presented so far establishes a robust differential impact of access to
information as a function of incentives. Having access to high-frequency information
on gas consumption leads to a decrease in consumption when coupled with monetary
incentives to save energy and to an increase in consumption when those incentives
are absent. We use administrative data on energy use, our measures of information
usage from the web portal, as well as recordings of temperature inside the house, to
investigate potential mechanisms that might lead to these disparate treatment effects.

6.1

Habit formation

A natural first hypothesis for differences in the sign of the treatment effects is habit
formation. To test for habit formation, we examine the durability of treatment effects
on the treated during the month after the experiment ended (Figure C.1).37 Those
in the incentive conditions consume at the same level as those in the Control group,
but those in the Information Only group behave similarly to what they did during
the experiment, i.e. consume more than other groups. At least in this immediate
post-experiment period, those in Information Only appear to have habituated to the
new consumption level, however those in the incentive conditions did not. They
abandoned all savings practices. If habits were formed, it was not uniform across
treatments.38
37

To make the figure comparable to previous results, the estimation uses the change in gas consumption relative to consumption in the same period in the year prior to the experiment (2018).
38
Byrne et al. (2022) document habits forming quickly and decaying slowly in a field experiment
on water usage with variable duration of usage feedback. Larcom et al. (2017) document that
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The immediate post-experiment behavior is difficult to reconcile with a model in
which those in the Information and Incentive condition learned that warmer temperatures are affordable. An alternative hypothesis is that those in the Incentive
conditions felt compelled to save due to moral obligation. Our data do not allow us
to directly test whether those in the Information and Incentive condition did learn
it was affordable to consume more but felt morally compelled to save energy, as
moral suasion would suggest (see Ito et al., 2018). However, if moral suasion is a
strong motivation, we would expect to observe continued energy savings right after
the experiment.39 We do not. Given that moral suasion effects in conservation decay
quickly, we expect any long-term effects on those in the incentive conditions would
be due to learned strategies to save energy.

6.2

Response to weather conditions

Even though the marginal cost of an extra degree of warmth is constant and small (see
Section 5.1), participants across the two information conditions may have understood
this differently. Research by Ito (2014) suggests that individuals confound marginal
and average costs. If individuals do, and do so differently across the two treatments,
this might explain the differential treatment effects we observe.
With a constant marginal cost for an extra degree of warmth, participants should
disregard day to day weather variations since the costs due to weather changes are akin
to a sunk cost. Individuals unaware that marginal costs are fixed might assume that
an extra degree of warmth is more expensive on a cold day and adjust their behavior.
More importantly, it is possible that using average costs per degree rather than the
marginal cost of an extra degree underestimates the cost of warmth.40 A possible
reason for differences across information conditions is a difference in knowledge.
Since average costs are inversely related with outside temperature, we test if participants in the Information Only and Information and Incentive groups differed in
the way they responded to changes in outside temperature. They do not. We find
the reaction is the same across treatments (Figure C.3). Both groups reduce inside
commuters forced to experiment with alternative routes because of a transit strike change routes
and reduce commute times. This is attributed to information frictions. Fowlie et al. (2021) show
significant behavioral changes for households randomly defaulted to an electricity pricing program
in California.
39
We do not see a reason why moral suasion might be different in the Information and Incentive
and Incentive Only conditions.
40
To see this, note that the cost of keeping a house at X degrees when the outside temperature is
)
which is smaller than b whenever
Y degrees equals a + b(X − Y ). The average cost of X is a+b(X−Y
X
a is small and the outside temperature is above 0.
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temperature when it is colder outside, suggesting they are unaware that marginal
costs are fixed. However, among those that used the portal more intensely, there is
no response to outside temperature (Figure C.4). This is consistent with heavy-usage
participants learning the true marginal cost or simply adopting time invariant strategies. Also, we find no evidence that participants have different models of energy costs
across treatments.41
Taken together, these findings illustrate that participants reacted similarly to
weather conditions, i.e. outside temperature, across treatments and have similar
models of energy costs. We conclude that the observed relationship between inside
and outside temperature is not mechanical.42 The differences in energy usage between
the Information Only and Information and Incentive conditions cannot be attributed
to responses to weather conditions.

6.3

Attention and treatment effects

We examine if increased attention to energy usage via the web portal could be driving
the differential treatment effects in the information conditions. The behavioral model
in Section 2 suggests that treatment effects should be larger among those paying more
attention. While we do not have direct measures of attention, nor can we determine
what exactly subjects pay attention to, we do have proxies for attention from the
process data of web portal usage. The portal was designed to record logins and clicks
on the different panels on the participant’s personalized usage and cost page. To avoid
data mining, the proxy we use is a coarse measure of attention: the total number of
times a participant logs in or clicks on panels over the course of the experiment.43
First, we validate that our measure of attention is consistent with economic rationality. Rationality implies that attention should be (weakly) larger in Information
and Incentive than in Information Only. Consistent with that implication, we reject
the hypothesis that the number of clicks in the Information Only treatment is larger
than in Information and Incentive (p-value = 0.0534 for levels, p-value = 0.04 for
logs).
41

There are no significant treatment effects on the relationship between portal usage and reaction
to outside temperature. This is tested by regressing aggregate hourly data of inside temperature
on outside temperature, interacted with portal use by treatment and controlling for fully interacted
dummies for hour of the day, participant and a weekend dummy. Table C.14 reports the full
estimates, and Figure C.5 displays estimates.
42
That is, the relationship between inside and outside temperature is not due to measurement
error or adjusting lags in temperature. To reiterate, those who use the portal more intensely do not
react to changes in outside temperature.
43
A detailed analysis of portal usage is in Appendix D.1.
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Next, we examine the effect of information usage on treatment effects. An implication of the rank similarity condition not being rejected is that portal usage can be
interpreted as having a causal effect on consumption. We use treatment assignment as
an instrument for number of clicks for Information Only and Information and Incentive and the inverse hyperbolic sine transformation of the number of logins to account
for the unusually large dispersion. Figure 5 reproduces Figure 4 and uses treatment
assignment to instrument for number of clicks. The figure shows the coefficients on
the number of clicks for each quantile of changes in consumption, reported when the
inverse hyperbolic sine of logins is equal to one.44
We confirm that the gap in effect sizes is increasing in the number of portal logins
for changes in consumption below the median. For instance, at the median, a one SD
(∼2) increases in the number of logins reduces median consumption by 3.4 percentage
points in the Information and Incentive treatment and increases consumption by 2.1
percentage points in the Information Only treatment. Since the maximum number of
logins is 6 in the Information Only condition, we conclude that the gap in the median
change in consumption across treatments for those with the maximum number of
logins is over 15 percentage points. We also observe that a similar pattern is present
a year after the study was conducted (2020 v 2018). The estimates are less precise
due to attrition in the 2020 data, but we find that the gap is significantly increasing
in information use at different quantiles of the change in consumption.
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Figure 5: Effect of clicks on consumption
The findings show that intensity of portal usage, not just having access to the
44

Note that when the number of logins increase, i.e. > 1, the treatment effects increase as well.
That is, the gap in treatment effects between Information Only and Information and Incentive shown
in Figure 5 gets larger. For the estimation, to allow for effects of difference sizes, we interact the
number of logins with a dummy for the Information and Incentive treatment and use dummies for
Information Only and Information and Incentive as instruments for logins.
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portal, has a causal effect on energy usage. This contributes to the gap we observe
between the information treatments. A one standard deviation increase in portal usage increases consumption in Information Only by 2.1 pp and decreases consumption
in Information and Incentive by 3.4 pp.

6.4

Temperature exploration

Most learning models (e.g., Erev and Roth, 1998; Camerer and Ho, 1999) require an
individual to experiment with different options to be able to update propensities or
priors. We examine whether exploration of inside temperature settings differ across
treatments. If so, this would be consistent with differential learning and produce the
different treatment effects we observe across information conditions.
Figure 6 shows the evolution of average inside temperature over the course of
the study for the Information Only and Information and Incentive participants who
installed a reader.45 The figure is restricted to those participants for whom we have at
least two days of data prior to the start of the study.46 There is a small difference of
0.4 degrees at the start of the study between treatments, and this gap increases as the
study progresses. Participants in the Information and Incentive treatment decrease
the temperature more than those in Information Only (by 1 degree) during the first
week of the study and slowly increase it as time passes. The gap between the two
treatments remains two weeks after the experiment concluded.
While there is a gap in average temperature settings across treatments, is there a
difference in the settings households explored? Figure 7 used hourly data to show the
log odds relative to 65F of choosing other temperatures.47 Two patterns are noticeable
in the data. First, there is a gap in temperature settings at low temperatures. Those
in the Information and Incentive condition have larger odds of setting their thermostat
below 65F in comparison to those in the Information Only condition. Second, there
is a gap at high temperatures. Those in the Information Only condition have larger
odds of setting the thermostat at temperatures 72F and above than those in the
Information and Incentive condition.
If learning requires experience, as predicted by the behavioral model in Section 2,
45

The inside temperature is recorded with a thermostat attached to the reader.
Appendix D.2 presents detailed information on the strategies used by participants in the Information Only and Information and Incentive conditions and evidence that demand for information
responds to incentives. Appendix D.3 uses data from the endline survey and documents strategies
used by participants across all treatments.
47
The sample is restricted to those participants for whom we have at least two days of data prior
to the start of the study. Hourly temperature is calculated as the average temperature setting during
that hour. Standard errors are calculated using 1,000 bootstrap replications.
46
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those in the Information and Incentive condition had less experience with a warmer
house. This would affect learning about their preferences for warmth. By contrast,
those in Information Only tried out a warmer house much more frequently, so they
had a chance to learn their preferences for warmth.
In sum, the differential treatment effects we observe across the two information
conditions are driven by differential exploration and experienced welfare and intensity
of portal usage. Those in the Information Only condition were more likely to set their
thermostat at warmer temperatures. They find they liked it, and they continued to
consume more energy immediately following the end of the study and a year later.
Those in the incentive condition kept the house colder during the study and did
not explore warmer temperatures.48 They consumed similarly to the Control group
immediately post-experiment and one year later. Neither group appears to have
learned that the marginal cost of energy usage is constant, although those who used
the portal more heavily might have. We conclude that incentives drive different
learning about preferences for warmth but not necessarily learning about cost.

7

Back of the envelope welfare calculations

Using the model derived in Section 2, we assess potential welfare changes from the
intervention and distraction.
We start by assessing how much perceived gas costs would have to decrease to
explain the results in the Information Only condition. According to the U.S. Energy
Information Administration (EIA) 2021 report, the estimated short-run price elasticity for residential gas is -0.08 while the long-run elasticity is -0.21 (30 year period).49
Those using the reader in the Information Only condition (i.e. compliers) consume
about 5 percent more in gas than those in the Control condition a year after the intervention. This is equivalent to a 2.9 percentage points increase in temperature from
68F, the average household temperature in the Control condition, or a 36.8 percentage point reduction in the perceived cost of energy. For those in the Information and
Incentive condition, they would have to be distracted to have missed this perceived
change in the cost of energy.
48

Table D.2 analyzes responses to the endline survey on behavioral changes during the study. The
analysis confirms that those in the two incentive treatments were more likely to adopt behavioral
changes that sacrificed comfort, i.e. took colder and shorter showers, put more blankets on the bed,
put on warmer clothes.
49
Estimates using our experimental data from the Incentive Only and Control conditions produce
an even lower estimate of about 0.02.
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Alternatively, this result can be explained by participants miscalibrating their
demand for a warm house by 2.9 percentage points and access to information reducing
this error. Given that participants in the Control condition spent $398 on average
during the experiment-equivalent period in 2020, we estimate the extra costs for
compliers in the Information Only condition to be about $20 over the study period
or about 10 extra dollars per month in winter months for them to achieve the desired
house warmth. The population average treatment effect estimates in Section 5.4, while
imprecise, suggest access to information would lead to roughly a 3 percentage point
increase in gas consumption (∼ $6 per month). When accompanied with an incentive
to reduce consumption, this leads to a 1.5 percent reduction in gas consumption (∼ $3
per month). This represents a large welfare gap due to variation in attention driven
by incentives.

8

Conclusion

In principle, in-home information technologies can help consumers better respond
to energy prices and manage usage. However, energy conservation may increase,
decrease or have no effect, depending on how information is delivered. Information
that is too aggregate or provided with delay might do little to help consumers learn
the true marginal cost of energy usage, resulting in cautious use for fear of high energy
bills. Consumers facing decision frictions or mental gaps might learn different lessons
depending on the context in which information is presented. Our field experiment
shows that an intervention that provides consumers with real-time, high-frequency
information on energy usage can have long-lasting welfare implications. But, these
implications depend on the available incentives to learn. Those who had monetary
incentives to reduce gas consumption decreased usage during the study but reverted
to previous consumption patterns once the incentives were removed. Those who had
no monetary incentives, just the real-time information, increased consumption during
the study and this persisted one year later.
These divergent patterns of energy usage in the presence of information are consistent with consumers having multidimensional goals and attention being selective.
Both groups had access to the same information technology to learn preferences and
cost for energy usage, but they took different paths. By focusing on reducing gas
consumption to get the monetary incentives, participants did not try out warmer
household temperature settings. They did not experience a warmer house nor learn
the cost to provide this (estimated to be about $10 extra per month). By contrast,
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those participants without incentives to focus attention on reducing consumption did
try out warmer temperatures. They discovered they preferred it and was not so expensive to keep the house warmer. Our study highlights the importance of incorporating
behavioral biases and frictions in the design and analysis of experiments.
Our experimental results do not support an additive model of information that always leads to either more or less consumption. While information enhances treatment
effects, these treatment effects might have opposite signs, due to selective attention.
Most of the empirical literature on energy use (see Hahn and Metcalfe (2016) for a
review, and Burkhardt et al. (2019) for a recent example) tends to assume that lack of
information leads to inefficiency. Information could be welfare enhancing if it is used
to reduce inefficiency and it does not affect welfare. Ex-ante, it is possible that those
learning to reduce consumption and those learning to increase consumption are both
adopting welfare enhancing policies. If so, the total effect of providing consumers
real-time information on energy usage would be larger since it would combine both
these effects.
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APPENDICES INTENDED FOR ONLINE PUBLICATION

A

Decision framework model

We use a simple model of endogenous attention and energy consumption. The model
follows the approach proposed by Farhi and Gabaix (2020) who analyze welfare implications of behavioral biases. The model captures testable implications that models
without endogenous attention do not predict.
We distinguish between decision utility us and actual utility u. Let the actual
 1−1/e
θ
τ
+y−
utility of temperature τ given income y be equal to u(τ, c) = 1−1/e
θ
pτ where p is the marginal cost of an extra degree of warmth. c is consumption
and substituted out with the budget constraint, y = c + pτ . Parameter θ captures
heterogeneous preferences for warmth and parameter e represents the price elasticity.
We assume a constant elasticity representation for clarity.
Consumers may perceive their preferences for warmth and the marginal cost of
warmth as different to what they are, i.e. θs 6= θ, and ps 6= p. For given parameters
 1−1/e
τ
θs
+ y − ps τ .
θs and ps , the decision utility is defined by us (τ, c) = 1−1/e
θs
We represent utility this way because we do not know ex-ante if consumers in the
experiment will learn their true preferences or the true cost of their actions.
To allow for endogenous attention and learning, we define aθ as the amount of
attention a consumer devotes to learning her preferences and define ap as the amount
of attention a consumer devotes to learning about prices. We assume that aθ , ap ∈
[0, 1]. We also assume that attention is costly and equal to κ(aθ + ap ). We make
this assumption for three reasons. First, as shown by Gabaix (2014), this function
allows for a corner solution in which an individual pays no attention. Second, as
show in the empirical analysis, we do not have separate proxies for these two types
of attention. Last, the reveal preference intuition we present is independent of this
latter assumption.
We assume that perceived parameters are a linear combination of real parameters
and default values and that attention is multidimensional. In particular, perceived
preference is θs (aθ ) = θd + aθ (θ − θd ) where aθ is the attention placed on preferences,
θd is a default preference and θ is the real preference parameter. The perceived
price is ps (ap ) = pd + ap (p − pd ) where ap is the attention placed on prices, pd is
a default price and p is the real price. If the consumer is fully attentive in both
domains, i.e. aθ , ap = 1, they respond to real preferences (θ) and constraints (p).
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We let τs (θs (aθ ), ps (ap )) = θs p−e
s be the optimal temperature choice given perceived
preferences and prices.
In the case of new information or changes in the cost of attention, consumers
allocate attention to preferences and prices to maximize actual utility knowing that
their own behavior will follow perceived parameters rather than actual parameters.
The intuition is that consumers will develop attention-constrained optimal choices.
Given an amount of attention (aθ , ap ), a behavioral-constrained individual will choose
according to (θs (aθ ), ps (ap )), the perceive parameter, not the real ones. So, an omniscient ego will maximize the true utility in anticipation of constrained decisions. In
particular, attention will be allocated to solve:

maxaθ ,ap θ1/e

1
τs (θs (aθ ), ps (ap ))1−1/e − pτs (θs (aθ ), ps (ap )) − κ(aθ + ap )
1 − 1/e

(4)

Equation (4) shows that the consumer chooses the amount of attention to place
on learning preferences and price by maximizing actual utility under the assumption
that decisions made later are based on perceived parameters not actual parameters,
i.e. according to τs (θs (aθ ), ps (ap )). We assume that default parameters θd and pd are
the result of previous attention allocation decisions. We do not assume that these
default parameters are correct, rather the individual’s model of the world evolves as
circumstance change.
After some algebra, the corresponding FOCs are:
[θ1/e τs−1/e − p]

∂τs ∂θs
−κ≤0
∂θs ∂aθ

(5)

[θ1/e τs−1/e − p]

∂τs ∂ps
−κ≤0
∂ps ∂ap

(6)

where the term θ1/e τs−1/e − p is the marginal gain from an extra degree of warmth
under the true parameters.
Equations (5)-(6) provide useful insights. Suppose there is a solution in which an
individual overconsumes, i.e., θ1/e τs−1/e − p < 0. From (6), we have that attention will
∂τs
be put on prices (ap > 0) only if p − pd > 0. This follows from the fact that ∂p
<0
s
∂ps
and ∂a
= p − pd under our assumptions. Attention will be focused on prices if the
p
price increases, i.e. p is equal to p + tax as in our experiment.50
Under the assumption of overconsumption, from (5), we can also conclude that
50

In a model in which attention is only devoted to price, it can be shown that attention is increasing
in the absolute distance between p and pd .
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∂τs
attention will be put on preferences for warmth aθ > 0 only if θ −θd < 0 since ∂θ
> 0.
s
That is, a consumer will pay attention to her preferences if by doing so she learns that
she cares less about warmth than at the default. This knowledge would help reduce
over-consumption. The model therefore allows situations in which subsidies to reduce
consumption completely crowd out attention to one’s own preferences, as we observed
in our experiment. This occurs when the omniscient ego expects over-consumption.
The model supports other solutions. Suppose a consumer underconsumes, i.e.,
θ1/e τs−1/e − p > 0. For a consumer to put attention on preferences for warmth, aθ > 0,
it requires that θ − θd > 0. For a consumer to put attention on prices, ap > 0,
it requires p − pd < 0. This is equivalent to a consumer being cautious and overestimating the cost of warmth. Note also that it is possible that all attention is
devoted to preferences for warmth if p − pd > 0. In this case, learning that prices
are over-estimated will help reduce under-consumption. The reasoning is analogous
to the previous case. If a consumer underconsumes on average, there is less incentive
to update information on prices that would further lead to even lower consumption.
The model produces stark predictions, in that attention can be devoted to either
preferences or prices, but not both. It highlights the potential differential effect of
access to information when attention is multidimensional. The strategic attention and
avoidance stem from the omniscient ego trying to reduce sub-optimal decisions. Note
that equation (4) implies that the welfare effect of a change in the cost of attention
κ is increasing in the optimal level of attention a∗θ + a∗p . We expect treatments effects
on welfare to be increasing in attention.
We would like to determine the relationship between parameters of the utility
function and the demand for information. Intuitively, we expect that those who
would benefit from information the most will be the ones who demand it more. For
instance, suppose that, in equilibrium, an individual underconsumes and only pays
attention to comfort (aθ ). Inspection of equation (5) shows that equilibrium attention
to comfort increases in θ and decreases in e.51 Similarly, suppose that, in equilibrium,
an individual overconsumes and only pays attention to price (ap ). Inspection of
equation (6) shows that equilibrium attention to price decreases in θ and increases
in e.52 This suggests that it is possible that in one treatment subjects sort according
to their preferences for comfort (θ) and in another they sort according to their price
responsiveness (e). Importantly, we expect that those demanding information in a
51
We obtain this results by taking derivatives of equation (5) and making use of the held assumption of the corner solution of only paying attention to comfort.
52
The second result requires e to be sufficiently small.
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particular dimension are those more likely to respond in that dimension.53 Finally,
we observe that regardless of the values of parameter θ and e, those with lower costs
to attention κ will demand more information.
The main prediction from the model is that attention is driven by treatment
incentives. In the extreme, attention could be solely devoted to learning about one’s
own preferences for warmth or learning about price instead. Since the model predicts
that attention should be a function of the incentive to learn in that dimension, it also
predicts that more attention resources should be devoted to learning about price in
the treatment that provides monetary incentives to reduce gas consumption.
There are other testable implications. For instance, if attention is unidimensional
and consumers only care about the price of energy usage, we should observe that
giving consumers access to real-time information on energy usage has the same directional effect, whether or not there are also monetary incentives to reduce energy
usage.54 This case is consistent with Jessoe and Rapson (2014) whereby real-time
information on energy usage increases price responsiveness. However, when attention
is multidimensional, it is possible that information on energy usage by itself, without
any monetary incentives, produces reactions of the opposite sign. This occurs because, in the case of incentives to reduce energy usage, no attention is placed on one’s
own preferences for warmth and then little is learned about how to improve comfort.
In other words, if consumers only pay attention to price and price is found to be lower
(or less variable) than anticipated, this information should be learned in all treatments
and behavior adjusted accordingly. If, however, attention is multidimensional, then
the same information about price may not be learned across treatments. This would
be observed when monetary incentives are removed. Behavior learned with incentives
reverts to old patterns, but behavior learned in the absence of incentives persists.
Our experimental evidence is consistent with participants not being fully aware of
their own preferences and thus a decision framework of multidimensional attention on
preference and price. If instead the model is modified to allow for differential attention
to price and taxes/subsidies, but not preferences, those two types of attention are
complementary. A focus of attention on tax/subsidy also implies learning about
price. If price is lower than anticipated, those in the Information and Incentive
condition would partially learn this as well as those in the Information Only condition.
Participants in the Information Only condition increase energy consumption during
53

Given the definition of τs , it is increasing in aθ if θ > θd and ap if p > pd .
Gabaix (2014); Farhi and Gabaix (2020) shows that price responsiveness will increase with
reductions in attention costs.
54
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and after the study (Figure C.1, Figure 4), suggesting they learned the price was lower
than anticipated. But, we do not see similar behavior from those in Information and
Incentive. These patterns of behavior across the two treatments are more consistent
with a model of multidimensional attention on preference and price, rather than a
model of unidimensional attention on prices.
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B
B.1

Field experiment material
Dashboard

Figure B.1: Dashboard - Temperature and consumption

B.2

Invitation email from ENSTAR

[Subject line:] Enroll in AHFC/Texas A&M’s Energy Usage in Anchorage Study
[Text in email:]
Introduction: Alaska Housing Finance Corporation (AHFC) and Texas A&M University, in collaboration with ENSTAR Natural Gas Company, are conducting a study,
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funded by the National Science Foundation, on energy usage in Anchorage.
AHFC and Texas A&M University are recruiting households who are willing to
participate in this study. The aim of the study is to measure natural gas usage on a
frequent basis and examine ways to help reduce gas expenditures. For this purpose,
AHFC has developed high-frequency readers that can register gas usage at regular
intervals, such as every 5 minutes.
If you are interested in participating, we ask that you complete an online survey
to enroll. The survey can be accessed by clicking this link which will direct you to
our website. The enrollment period ends January 22 at 12pm.
If you participate in and complete the study, you will receive a payment of $40
[$60]. This payment is offered by Texas A&M University and will be paid and distributed by Texas A&M University. As a condition of participation, households are
asked to respond to two short surveys, one to enroll in the study and one upon study
completion, and allow researchers to analyze information on your household energy
usage. All information will be kept confidential.
Participants must have broadband home internet service, have a dedicated gas
meter and reside in a single-family home. Households will be selected at random to
be part of the study. Some will receive a high frequency reader at no financial cost
to measure gas and/or additional monetary incentives to save energy.
Participation in the study is voluntary. You are not compelled to enroll or participate.
What do you stand to gain by participating? Usage of a high-frequency gas
reader. Better understanding of your gas usage and costs. Compensation for study
completion. Additional monetary incentives to save energy
Information Privacy: We will keep your personal information private. Information obtained will be used to implement and analyze the effectiveness of alternative
energy conservation policies and no response will be individually traced to you or
your household.
Study Description: The study will provide some participants technology to make
more informed energy usage decisions and/or incentives to achieve them. This might
be, but not limited to, visibility of usage and additional monetary incentives to reduce
energy consumption. All incentives are offered by Texas A&M University and will be
paid and distributed by Texas A&M University.
Study Period, Rewards: We plan to conduct the study from January 2019 through
the end of March 2019.
All participants will receive a payment upon completion of the study. Some partic40

ipants will receive a high-frequency gas reader and/or additional monetary incentives
to reduce energy usage. All payments and incentives are offered by Texas A&M
University and will be paid and distributed by Texas A&M University
For inquiries about the study, please contact Professor XXX (Texas A&M University) at xxx@tamu.edu or XXX (AHFC) xxx@ahfc.org.
If you are interested in volunteering to participate in the study, please select this
link.

B.3

Assignment to treatment email

Dear X,
Thank you for your interest in the AHFC/Texas A&M Anchorage Energy Usage
Study and completing the online signup survey.
We received a large response to our request for participants, and your household
has been randomly chosen among those eligible to be part of the study.
We request that you confirm or decline participation in this study by clicking this
personalized link, to complete a short confirmation survey. The deadline to do so is
Sunday (Jan 27) by 5pm.
If you do not confirm participation by this deadline, we will assume you are no
longer interested. We hope the tight deadline does not cause undue burden.
If you participate,
[Only included for those in Information Only or Information and Incentives]
1. You will receive a high-frequency gas reader by mail to self-install in your house.
The reader will arrive next week, with detailed instructions for easy installation. You
can also contact us if you have any questions about installation. Once installed, you
will be able to see your gas usage and costs via an online dashboard designed for this
project. An email providing a link to the dashboard and login information for your
household will be sent to you next week (this will come from “Anchorage Energy
Usage Study”). If you do not receive an email providing this information by the time
you receive the reader, please contact us at xxx@tamu.edu.
[Only included for those in Incentive Only or Information and Incentives]
2. You will receive a monetary incentive to reduce gas usage during the month
of February. For every 1% reduction in average daily gas usage in February 2019
compared to average daily gas usage in February 2018, you will receive $10. This
incentive is capped at a 10% reduction in usage (i.e. capped at $100).
This means that if your average daily usage was 10 CCFs (hundred cubic feet of
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fuel) in Feb 2018 and you reduce your usage to 9.80 CCFs in Feb 2019, you would
receive $20. If you reduce it to 9.40 CCFs, you would receive $60. If you reduce it to
9.32 CCFs, you would receive $68.
Average daily usage will be determined by prorating and averaging your usage for
the month of February in 2018 and 2019 using gas usage data collected by ENSTAR
and the billing cycles that occur during February.
[Included for all groups]
3. Upon completion of the study, you will receive a payment of [$X]. Completion
of the study includes us collecting data from ENSTAR on your energy usage and you
completing a second survey in April 2019.
This will be paid to you via PayPal, at no cost to you, and you can transfer
the payment from PayPal to your bank account at no charge. If you do not have a
PayPal account, you can open one for free. We prepared a step-by-step guide to open
a PayPal account, and you can see the guide here.
We are using PayPal to facilitate prompt and efficient payment. If you require
another form of payment, indicate this in the confirmation survey and/or contact the
research team.
After you confirm participation [Information Only and Information and Incentives and complete installation of your high-frequency reader], we will send $10 of
your completion payment via PayPal. The remainder will be paid when the study
concludes.
4. You can find energy saving tips in the AHFC pamphlet here
It is important that you confirm or decline participation in the study by clicking
your personalized link and completing the confirmation survey. We ask that you
complete the survey in either case so that, should you choose to not participate, we
can invite another household to take the available slot in the study.
We appreciate your willingness to help us learn more about energy usage in
Anchorage. If you have any questions about the study, you can contact XXX,
xxx@tamu.edu, or XXX, xxx@ahfc.us.
Sincerely,
The Research Team
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Supplemental figures and tables
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Figure C.1: Treatment on the treated effects during the month after
the experiment ended
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Table C.1: Balancedness and sample description
Variable

Average

Female
Family size
Children
Income
Thermostat
HERP
Year built
Value
Monthly gas bill (Jan)
Feb-March 2018 gas bill (ENSTAR)

52.6
3.0
0.9
97,184.6
78.4
35.3
1,980.8
351,272.6
186.8
378.1

Info only
coeff.
s.e.
6.4
0.0
0.0
-3,275.2
3.9
6.7
-3.9
3,425.6
11.8
3.7

7.3
0.2
0.2
4,730.6
6.0
7.0
2.1
19,746.2
13.6
22.4

Info plus inc.
coeff.
s.e
3.9
0.1
-0.0
2,369.5
8.0
6.1
-0.9
-2,684.9
3.6
-8.6

5.2
0.2
0.1
3,388.9
4.3
5.0
1.5
14,145.9
9.7
16.0

Inc. only
coeff.
s.e.
2.5
0.1
-0.0
-1,608.5
4.9
4.6
-2.5
-11,076.9
2.3
-17.8

4.8
0.1
0.1
3,121.3
4.0
4.6
1.4
12,998.9
8.9
14.7

R2

N

H0:T1=T2=T3=0

0.00
0.00
0.00
0.00
0.01
0.00
0.01
0.00
0.00
0.00

652
652
652
650
652
652
652
652
650
652

0.796
0.894
0.994
0.582
0.306
0.572
0.146
0.806
0.854
0.610

Notes: The first column reports averages. The remaining columns are regression coefficients from an Ordinary Least Squares regression of treatment assignment
on each variable listed in rows. Female equals one if the respondent as a woman, Family size is the number of individuals living in the household. Children is
the number of children in the household. Income was reported in categories (≤ $10, 000, $10,001-$20,000, $20,001-$40,000, $40,001-$60,000, $60,001-$80,000,
$80,001-$100,000, $100,001-$120,000, > $120, 000). To get average income, the middle point of the category was used, bottom coding was $10,000 and top
coding was $130,000. Thermostat is whether the household has a programmable thermostat. HERP is whether the household participated in the HERP
program. Year built and value are from tax records. Monthly gas bill is reported typical gas bill in January. Feb-March 2018 gas bill is actual gas bill from
ENSTAR data.

Table C.2: First-order stochastic dominance tests (2019 v 2018)

F1 \F2
Info only
Info plus incentives
Incentives only

p-values for (H0 : F1 F OSD F2 , H0 : F2 F OSD F1 )
Info plus incentives Incentives only
Control
(0.9511,0.0015)
(0.8740,0.0023)
(0.8056,0.0751)
(0.2571,0.3724)
(0.0194,0.8479)
(0.0133,0.7613)

Notes: Barrett and Donald (2003) test for first-order stochastic dominance. Estimation uses percentage change in average daily gas consumption between February 1 and April 5, 2018 and February
1 and April 5, 2019. p-values are calculated using 10,000 bootstrap replications. The first ordinate
shows the p-value associated with the hypothesis that distribution F1 first-order stochastically dominates distribution F2 . The second ordinate shows the p-value associated with the hypothesis that
distribution F2 first-order stochastically dominates distribution F1 . 647 observations, instead of 654,
are used due to missing data in early February in 2018 for 5 households.
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Table C.3: First-order stochastic dominance tests (2020 v 2018)

F1 \F2
Info only
Info plus incentives
Incentives only

p-values for (H0 : F1 F OSD F2 , H0 : F2 F OSD F1 )
Info plus incentives Incentives only
Control
(0.788,0.0243)
(0.7037,0.0256)
(0.5028,0.0411)
(0.6772,0.3857)
(0.0268,0.6102)
(0.0542,0.8800)

Note: Barrett and Donald (2003) test for first-order stochastic dominance. Estimation uses percentage change in average daily gas consumption between February 1 and April 5, 2018 and February
1 and April 5, 2020. p-values are calculated using 10,000 bootstrap replications. The first ordinate
shows the p-value associated with the hypothesis that distribution F1 first-order stochastically dominates distribution F2 . The second ordinate shows the p-value associated with the hypothesis that
distribution F2 first-order stochastically dominates distribution F1 . 590 observations are used due
to missing data in 2020.

Quantile

Table C.4: Intention to treat - 2019 v. 2018
Info only
Info plus inc.
Inc. only
Constant
coeff.
s.e.
coeff.
s.e
coeff.
s.e.
coeff.
s.e.

0.1
0.2
0.3
0.4
0.5
0.6
0.7
0.8
0.9

0.043
0.020
0.016
0.016
0.014
0.013
0.009
0.006
-0.013

0.050 -0.022 0.020 -0.005
0.013 -0.033 0.010 -0.019
0.010 -0.029 0.010 -0.024
0.011 -0.020 0.011 -0.020
0.010 -0.012 0.011 -0.016
0.010 -0.005 0.009 -0.013
0.010 -0.008 0.008 -0.013
0.017 -0.005 0.014 -0.002
0.026 -0.025 0.022 -0.046

0.020
0.008
0.007
0.008
0.009
0.008
0.009
0.014
0.019

-0.192
-0.148
-0.130
-0.114
-0.099
-0.082
-0.066
-0.048
0.018

0.016
0.007
0.005
0.005
0.005
0.006
0.006
0.011
0.016

Note: 647 observations out of 652 due to incomplete administrative data. Robust standard errors.

Quantile

Table C.5: Intention to treat - 2020 v. 2018
Info only
Info plus inc.
Inc. only
Constant
coeff.
s.e.
coeff.
s.e
coeff.
s.e.
coeff.
s.e.

0.1
0.2
0.3
0.4
0.5
0.6
0.7
0.8
0.9

0.065
0.035
0.030
0.030
0.020
0.007
0.006
0.002
-0.036

0.017 0.013 0.016 -0.029
0.017 -0.008 0.015 -0.017
0.019 -0.004 0.014 0.000
0.017 -0.009 0.014 -0.007
0.015 -0.009 0.013 -0.013
0.013 -0.023 0.011 -0.025
0.014 -0.021 0.013 -0.014
0.022 -0.010 0.020 -0.020
0.028 -0.027 0.029 -0.015

0.023
0.017
0.014
0.012
0.012
0.011
0.011
0.018
0.031

-0.027 0.013
0.019 0.011
0.045 0.009
0.073 0.010
0.097 0.010
0.132 0.008
0.144 0.008
0.176 0.012
0.242 0.025

Note: 590 observations out of 652 due to incomplete administrative data. Robust standard errors.
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Table C.6: Intention to treat - 2019 v. 2018 (logs)

Quantile

Info only
coeff.
s.e.

0.1
0.2
0.3
0.4
0.5
0.6
0.7
0.8
0.9

0.029
0.026
0.027
0.022
0.016
0.014
0.010
0.006
-0.013

Info plus inc.
coeff.
s.e

Inc. only
coeff.
s.e.

0.062 -0.028 0.025 -0.007
0.015 -0.040 0.012 -0.023
0.012 -0.034 0.012 -0.029
0.012 -0.023 0.012 -0.023
0.011 -0.013 0.012 -0.022
0.011 -0.006 0.010 -0.014
0.011 -0.008 0.009 -0.014
0.017 -0.005 0.015 -0.003
0.026 -0.025 0.022 -0.047

0.025
0.010
0.008
0.009
0.010
0.009
0.010
0.014
0.019

Constant
coeff.
s.e.
-0.213
-0.160
-0.139
-0.121
-0.104
-0.086
-0.068
-0.049
0.017

0.020
0.008
0.006
0.006
0.006
0.006
0.006
0.011
0.016

Note: 647 observations out of 652 due to incomplete administrative data. Robust standard errors.

Table C.7: Intention to treat - 2020 v. 2018 (logs)

Quantile

Info only
coeff.
s.e.

0.1
0.2
0.3
0.4
0.5
0.6
0.7
0.8
0.9

0.064
0.034
0.028
0.028
0.018
0.006
0.006
0.002
-0.030

Info plus inc.
coeff.
s.e

Inc. only
coeff.
s.e.

0.017 0.013 0.016 -0.030
0.017 -0.008 0.014 -0.017
0.018 -0.004 0.014 0.000
0.015 -0.009 0.013 -0.007
0.013 -0.008 0.012 -0.012
0.012 -0.021 0.010 -0.022
0.012 -0.018 0.012 -0.012
0.019 -0.009 0.017 -0.017
0.022 -0.022 0.024 -0.012

0.025
0.017
0.013
0.011
0.011
0.010
0.010
0.015
0.024

Constant
coeff.
s.e.
-0.027 0.013
0.019 0.011
0.044 0.009
0.070 0.010
0.093 0.009
0.124 0.007
0.135 0.007
0.162 0.010
0.217 0.020

Note: 647 observations out of 652 due to incomplete administrative data. Robust standard errors.
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Table C.8: Intention to treat - Trimmed OLS
2019 v 2018 2020 v 2019
Information Only
0.019**
0.018
(0.009)
(0.012)
(0.037)
(0.146)
Information and Incentives
-0.012*
-0.008
(0.006)
(0.009)
(0.071)
(0.392)
Incentives Only
-0.013**
-0.007
(0.006)
(0.008)
(0.030)
(0.405)
Obs
582
531
R2
0.022
0.003

Table C.9: Intention to treat - 2019 v. 2018 (first month)

Quantile

Info only
coeff.
s.e.

0.1
0.2
0.3
0.4
0.5
0.6
0.7
0.8
0.9

0.038
0.018
0.021
0.022
0.023
0.018
0.011
0.015
-0.011

Info plus inc.
coeff.
s.e

Inc. only
coeff.
s.e.

0.053 -0.026 0.025 -0.007
0.013 -0.019 0.013 -0.007
0.015 -0.019 0.011 -0.011
0.014 -0.015 0.012 -0.011
0.012 -0.007 0.011 -0.008
0.013 -0.007 0.009 -0.008
0.018 -0.010 0.011 -0.009
0.018 -0.020 0.018 -0.028
0.039 -0.005 0.018 -0.038

0.019
0.011
0.008
0.010
0.010
0.009
0.010
0.012
0.019

Constant
coeff.
s.e.
-0.180
-0.144
-0.121
-0.100
-0.082
-0.064
-0.042
-0.008
0.039

0.015
0.009
0.006
0.007
0.007
0.007
0.008
0.010
0.015

Note: 647 observations out of 652 due to incomplete administrative data. Robust standard errors.
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Table C.10: Intention to treat - 2019 v. 2018 (second month)

Quantile

Info only
coeff.
s.e.

0.1
0.2
0.3
0.4
0.5
0.6
0.7
0.8
0.9

0.015
0.016
0.015
0.024
0.018
0.011
-0.007
-0.008
-0.025

Info plus inc.
coeff.
s.e

Inc. only
coeff.
s.e.

0.045 -0.017 0.019 -0.013
0.015 -0.033 0.012 -0.020
0.018 -0.024 0.012 -0.025
0.014 -0.015 0.012 -0.017
0.012 -0.009 0.012 -0.016
0.012 -0.013 0.011 -0.022
0.013 -0.020 0.013 -0.024
0.023 -0.017 0.015 -0.018
0.026 -0.046 0.024 -0.029

0.021
0.012
0.009
0.010
0.010
0.011
0.012
0.015
0.025

Constant
coeff.
s.e.
-0.241
-0.195
-0.171
-0.153
-0.133
-0.109
-0.081
-0.054
0.008

0.017
0.008
0.006
0.006
0.007
0.008
0.009
0.013
0.017

Note: 647 observations out of 652 due to incomplete administrative data. Robust standard errors.

Quantile

Table C.11: Treatment on the treated - 2019 v. 2018
Info only
Info plus inc. Info plus inc. (Info)
Inc. only
coeff.
s.e.
coeff.
s.e
coeff.
s.e.
coeff.
s.e.

0.1
0.2
0.3
0.4
0.5
0.6
0.7
0.8
0.9

0.047
0.033
0.041
0.042
0.038
0.023
0.009
0.003
-0.017

0.032 -0.025 0.022 -0.049
0.023 -0.028 0.013 -0.045
0.021 -0.037 0.012 -0.043
0.021 -0.034 0.012 -0.042
0.022 -0.025 0.013 -0.030
0.024 -0.012 0.014 -0.017
0.025 -0.006 0.016 -0.007
0.028 -0.009 0.019 -0.009
0.048 -0.031 0.035 -0.039

0.029
0.016
0.015
0.015
0.016
0.018
0.020
0.023
0.055

-0.016
-0.025
-0.028
-0.025
-0.020
-0.013
-0.013
-0.014
-0.049

0.027
0.011
0.010
0.010
0.010
0.011
0.011
0.013
0.025

Note: All parameters are estimated separately using the data of the specified treatment and the control
group. Info only uses 273 observations, Info plus incentives and Info plus incentives (Info) use 371 observations, and Incentives only uses 479 observations. The measures of compliances in Info only and Info plus
incentives (Info) is an indicator of having installed a high frequency monitor. The measure of compliance
in Incentive only and Info plus incentives is an indicator of whether a high frequency monitor was installed
or completed the exit survey. Exit survey completion was a condition to receive incentive payments. All
the subjects in the Control group are deemed to be compliers since they were not asked to do anything and
they could not access the other treatments. Robust standard errors.
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Quantile

Table C.12: Treatment on the treated - 2020 v. 2018
Info only
Information and Incentives Info plus inc. (Info)
coeff.
s.e.
coeff.
s.e
coeff.
s.e.

Inc. only
coeff.
s.e.

0.1
0.2
0.3
0.4
0.5
0.6
0.7
0.8
0.9

0.083
0.056
0.062
0.053
0.059
0.035
0.031
-0.013
-0.036

-0.012
-0.008
-0.000
-0.008
-0.029
-0.021
-0.026
-0.028
-0.025

0.027 0.011
0.029 0.013
0.030 0.005
0.035 -0.013
0.041 -0.022
0.047 -0.035
0.049 -0.027
0.042 -0.004
0.047 -0.050

0.023
0.021
0.020
0.023
0.021
0.020
0.021
0.025
0.036

0.011
0.012
0.006
-0.010
-0.041
-0.048
-0.030
-0.008
-0.069

0.026
0.024
0.026
0.031
0.029
0.026
0.027
0.029
0.046

Note: All parameters are estimated separately using the data of the specified treatment and the
control. Info only uses 250 observations, Info plus incentives and Info plus incentives (Info) use
338 observations, and Incentives only uses 396 observations. The measures of compliances in Info
only and Info plus incentives (Info) is an indicator of having installated a high frequency monitor.
The measure of compliance in Incentive only and Info plus incentives is an indicator of whether a
high frequency monitor was installed or completed the exit survey. Exit survey completion was a
condition to receive incentive payments. All the subjects in the Control group are deemed to be
compliars since they were not asked to do anything and they could not access the other treatments.
Robust standard errors.

Table C.13: Treatment effects by level of attention
(1)
Use rank

0.0765
(0.0389)
Use rank×Information and Incentives -0.1479
(0.0456)
Information and Incentives
0.0456
(0.0264)
Constant
-0.1201
(0.0225)
Observations
214
R2
0.080
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0.025
0.019
0.018
0.018
0.017
0.016
0.016
0.018
0.035

Table C.14: Reaction to outside temperature by treatment
Information Only
Temperature outside
0.116***
(0.036)
Rank of use × Temperature outside
-0.178**
(0.076)
Obs
32835
R2
0.832
* p<0.10, ** p<0.05, *** p<0.010
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Information and Incentives
0.064**
(0.027)
-0.052
(0.045)
97738
0.804

D

Additional analysis

D.1

Demand for information

Table D.1 presents detail information on the use of the portal. We aggregate information on an hourly basis. In particular, we create a variable that equals 1 if a panel
of a portal is used in a particular hour and 0 if not. This allows us to aggregate
information that is recorded on an event basis. The table shows linear regressions
for six different binary measures of information acquisition by hour: 1. visited the
site, 2. checked relative cost panel, 3. checked relative gas use panel, 4. checked
cumulative cost panel, 5. checked cumulative gas use panel and 6. checked the panel
with indoor temperature, outdoor temperature and cost. The analysis shows that
the Information and Incentive treatment increased the use of the portal. There is
a consistent decrease in use of the portal as time passed, but the announcement of
an extension increased use. Consistent with the existence of costs to acquire/process
information, we see that the use of the portal is less frequent during working hours.
Table D.1: Use of portal by hour
(1)

Information plus incentives
Weekday
Days since start of experiment
Days since start of experiment (sq)
Working hours (8 am - 5 pm)
Announcement of extension
Announcement of extension × Information plus incentives
Constant
Observations
Number of housholds

Any
0.0040
(0.0031)
-0.0037
(0.0008)
-0.0021
(0.0002)
0.0000
(0.0000)
-0.0070
(0.0012)
0.0042
(0.0016)
0.0009
(0.0020)
0.0441
(0.0044)
165312
123

(2)

(3)
Relative
Cost
Gas
0.0042
0.0015
(0.0029)
(0.0007)
-0.0009
0.0001
(0.0007)
(0.0003)
-0.0015
-0.0002
(0.0002)
(0.0000)
0.0000
0.0000
(0.0000)
(0.0000)
-0.0070
-0.0001
(0.0012)
(0.0008)
0.0036
0.0006
(0.0014)
(0.0003)
0.0006
-0.0001
(0.0018)
(0.0006)
0.0303
0.0037
(0.0040)
(0.0008)
165312
165312
123
123

(4)
(5)
Cumulative
Cost
Gas
0.0005
0.0020
(0.0003)
(0.0006)
0.0001
0.0004
(0.0002)
(0.0004)
-0.0001
-0.0004
(0.0000)
(0.0001)
0.0000
0.0000
(0.0000)
(0.0000)
-0.0005
-0.0019
(0.0002)
(0.0004)
0.0007
0.0014
(0.0003)
(0.0006)
-0.0004
-0.0008
(0.0004)
(0.0006)
0.0028
0.0078
(0.0005)
(0.0010)
165312
165312
123
123

Notes: Linear regressions for six different measures of information acquisition. Observations are at the hour level for
the two-month study period. All dependent variables are dummy variables that equal one if the outcome condition is
met. In Column 1, the outcome is visiting the site, Column 2 is checking the relative cost panel, Column 3 is checking
the relative gas use panel, Column 4 is checking the cumulative cost panel, Column 5 is checking the cumulative gas
use panel and Column 6 is checking the panel with indoor temperature, outdoor temperature and cost. Standard
errors are in parentheses and clustered by household.
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(6)
Temp.
0.0008
(0.0006)
-0.0002
(0.0002)
-0.0002
(0.0001)
0.0000
(0.0000)
-0.0007
(0.0003)
0.0005
(0.0005)
0.0004
(0.0006)
0.0047
(0.0010)
165312
123

D.2

Behavior changes in information treatments

The device used in the information treatments to read the gas meter also recorded
the temperature inside the house. Thus, we observe at what temperature participants
kept their house over the course of the study. Figure D.1 shows the indoor temperature
for each hour of the day split by weekday and weekend for the Information Only
and Information and Incentive treatments. The Information Only group kept their
house warmer than the Information and Incentives group and did not differentiate
between weekday and weekend. The Information and Incentive group kept the house
temperature lower overall and lowered it during working hours on weekdays relative
to weekends. Figure D.2 presents the average hourly cost per day per treatment
using data from the readers. A gap in average costs emerges in the second week of
the intervention.
During the experiment

hour=20

hour=21

hour=22

hour=23

hour=21

hour=22

hour=23

hour=19

hour=18

hour=17

hour=16

hour=15

hour=14

hour=13

hour=12

hour=20

Hour of day
Information Only

hour=11

hour=9

hour=10

hour=8

hour=7

hour=6

hour=5

hour=4

hour=3

hour=2

hour=1

hour=23

hour=22

hour=21

hour=20

hour=19

hour=18

hour=17

hour=16

hour=15

hour=14

hour=13

hour=12

hour=11

hour=9

hour=10

hour=8

hour=7

hour=6

hour=5

hour=4

hour=3

hour=2

hour=1

Temperature
64.5 65 65.5 66 66.5 67 67.5 68

Weekends

Temperature
64.5 65 65.5 66 66.5 67 67.5 68

Weekdays

Hour of day

Information and Incentives

Information Only

Information and incentives

Last two weeks of the experiment
Weekends

Hour of day
Information Only

hour=19

hour=18

hour=17

hour=16

hour=15

hour=14

hour=13

hour=12

hour=11

hour=10

hour=9

hour=8

hour=7

hour=6

hour=5

hour=4

hour=3

hour=2

hour=1

hour=23

hour=22

hour=21

hour=20

hour=19

hour=18

hour=17

hour=16

hour=15

hour=14

hour=13

hour=12

hour=11

hour=10

hour=9

hour=8

hour=7

hour=6

hour=5

hour=4

hour=3

hour=2

hour=1

Temperature
64.5 65 65.5 66 66.5 67 67.5 68

Temperature
64.5 65 65.5 66 66.5 67 67.5 68

Weekdays

Hour of day

Information and Incentives

Information Only

Information and incentives

Figure D.1: Indoor temperature by hour of day across treatments
We can test if access to high-frequency data remains useful with the “surprise”
extension of the experiment to a second period. The extension could generate renewed
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Figure D.2: Average hourly cost per treatment and day of intervention
demand for information and behavioral changes. Figure D.3 presents the propensity to
visit the portal by hour for each day of the intervention. The graph approximates use
using polynomials for the period before and after the announcement of the extension of
the experiment. The figure on the left shows the response of those in the Information
Only treatment and figure on the right shows the response of those in the Information
and Incentive treatment. There is a significant increase in visits to the portal in the
Information and Incentive treatment but not in the Information Only.55 This is
consistent with information usage being instrumental and a validation of the number
of logs into the portal as a valid proxy for attention.

D.3

Behavior changes by all participants

Table D.2 reports strategies and behavioral changes undertaken by participants across
all treatments using data from the endline survey. The outcome variable is a dummy
variable that equals one if the behavior is undertaken and zero otherwise. These
Probit regressions incorporate inverse probability weight to adjust for attrition. We
take advantage of the fact that participants were randomly assigned to different completion bonuses and these bonuses strongly predict endline survey completion. Since
we have little evidence of selection into the experiment (see Section 3), we take these
results to be representative of the population under study.
55

The p-value associated with the discontinuity test of Calonico et al. (2014) is 0.687 for Information Only and 0.007 for the Information and Incentive.

55

Hourly use of portal (Clicked=1)

.1
.08
.06
.04

.04

.06

.08

.1

.12

Information and Incentives

.12

Information Only

0

20
40
days since start of experiment
Sample average within bin

60

Polynomial fit of order 4

0

20
40
days since start of experiment
Sample average within bin

Polynomial fit of order 4

Note: Estimates use hourly measurements of hourly use of portal.

Figure D.3: Reaction to surprise extension of study
Columns 1-3 in the table show that participants in the Information and Incentive
and Incentive Only treatments are more likely to report having made changes to
their houses, their behavior and their future behavior. We also observe that those in
Information Only report having changed their behavior. In Column 4, all participants
report monitoring their energy consumption behavior, regardless of having access to
a reader.
Columns 5-10 report specific changes in behavior. These questions were intended
to capture potential welfare losses due to incentivized changes in behavior. Those in
the incentive conditions report having adopted behavioral changes like taking shorter
and colder showers. This points to a trade-off between lower consumption and comfort. There is no evidence that those in the Information Only condition adopted these
type of behavioral changes any differently than the Control group.
This analysis points to reasons why the treatment with monetary incentives to
reduce consumption did not lead to permanent behavioral changes. First, participants
might already be close to their minimum comfort level and extra reductions in indoor
temperature might be too costly. Second, participants might not be able to optimize
behavior as to minimize discomfort.
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Info Only
Info and Incent.
Incent. Only
Constant
Observations
R2

(1)
Changed
Equip.
0.0154
(0.0707)
0.1311
(0.0474)
0.0753
(0.0424)
0.1235
(0.0301)
474
0.018

Table D.2: Responses in Endline survey
(2)
Changed
Behavior
0.2160
(0.0841)
0.4160
(0.0564)
0.4450
(0.0504)
0.2840
(0.0358)
474
0.165

(3)
Plan
Change
0.0687
(0.0942)
0.1402
(0.0626)
0.1102
(0.0560)
0.4313
(0.0394)
456
0.014

(4)
Monitored
Consum.
0.1265
(0.0691)
0.1776
(0.0463)
0.1670
(0.0414)
0.0679
(0.0295)
474
0.044

(5)
Warmer
Clothes
0.0123
(0.0785)
0.1639
(0.0526)
0.1529
(0.0471)
0.1543
(0.0335)
474
0.032

(6)
Lower T.
Night
0.0123
(0.0785)
0.1639
(0.0526)
0.1529
(0.0471)
0.1543
(0.0335)
474
0.032

(7)
Lower T.
Day
0.0370
(0.0785)
0.2249
(0.0526)
0.2017
(0.0470)
0.1296
(0.0335)
474
0.054

(8)
More
Blankets
-0.0093
(0.0708)
0.0609
(0.0475)
0.0506
(0.0424)
0.1481
(0.0302)
474
0.005

(9)
Shorter
Showers
0.0864
(0.0524)
0.1026
(0.0351)
0.1018
(0.0314)
0.0247
(0.0223)
474
0.028

(10)
Colder
Showers
0.0309
(0.0479)
0.0662
(0.0321)
0.0898
(0.0287)
0.0247
(0.0204)
474
0.022

Notes: Probit regressions with dependent variable coded as one if behavior is reported, zero otherwise. Control group is the excluded
category. Standard errors in parentheses. Correction for survey non-response uses inverse probability weighting. Regressions include
household characteristics and randomly assigned incentive to complete survey. Outcome variables are: “Changed equip” is whether
the household reported changing appliances, windows or thermostat, “Changed behavior” is whether the household reported changing
activities, “Plan change” is whether the household reported they planned to change behavior in the future, “Monitored consum” is
whether the household reported monitoring energy usage, “Warmer clothes” is whether the household reported putting on warmer
clothes, “Lower T. Night” is whether the household reported lowering the temperature at night, “Lower T. Day” is whether the
household temperature was lowered during the day, “More blankets” is whether more blankets were used while sleeping, “Shorter
showers” is whether people in the household took shorter showers, “Colder showers” is whether people in the household took colder
showers.
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