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Evidence from Two Large Field Experiments that
Peer Comparison Feedback Can Reduce Residential
Energy Usage

lan Ayres*
Yale Law School

Sophie Raseman** and Alice Shih'

By providing feedback to customers on home electricity and natural gas usage
with a focus on peer comparisons, utilities can reduce energy consumption at a
low cost. We analyze data from two large-scale, random-assignment field ex-
periments conducted by utility companies providing electricity (the Sacramento
Municipal Utility District [SMUD]) and electricity and natural gas (Puget Sound
Energy [PSE]), in partnership with a private company, Opower, which provides
monthly or quarterly mailed peer feedback reports to customers. We find reduc-
tion in energy consumption of 1.2% (PSE) to 2.1% percent (SMUD), with
the decrease sustained over time (7 months [PSE] and 12 months [SMUD]).
(JEL C44, D03, L94, Q41).

1. Introduction

In this article, we analyze two natural field experiments conducted by a
third party on a total of approximately 170,000 household customers of
two utilities, the Sacramento Municipal Utility District (SMUD) and
Puget Sound Energy (PSE). These utilities, in partnership with a private
company, Opower (formerly Positive Energy), randomly assigned a subset
of these households to periodically receive mailed “home energy reports”
comparing their energy usage to that of nearby neighbors in similarly sized
houses. We find that households receiving Opower’s reports make signifi-
cant and lasting reduction in their energy consumption.

Since the circulation of our working paper analyzing the present experi-
ments (which was the first academic paper to analyze the Opower data),
several academic studies have analyzed Opower’s results in different cities
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Reducing Residential Energy Usage 993

(Costa and Kahn 2010; Allcott 2011; Allcott and Mullainathan
2011). Collectively, these Opower studies add to an extensive literature
on the power of social norms to influence behavior in a variety of settings
(see Cialdini and Goldstein 2004, for a review). This evidence extends to
affecting “green” behaviors. For example, Goldstein et al. (2008) found
that peer comparison information could increase towel reuse by hotel
guests.

Changing one’s behavior to conform to the behavior of others can be
consistent with either “norm to conform” preferences or informational
hypotheses. Learning that peers consume less (more) energy could in-
crease (decrease) feelings of guilt about contributing to social problem
and thereby impact private preferences and motivations to conserve.
Alternatively, learning the behavior of peers might provide information
about the possibility of alternative consumption choices and the relative
benefits of those choices (Cooter et al. 2008). This study, like the other
peer information studies, is not well structured to distinguish between
these preference and information theories of behavioral change. For ex-
ample, if households react to information that they are consuming less
energy than their peers by increasing their usage, this change might be
caused either by decreased guilt or by the households’ making a Bayesian
inference that they are missing out on valuable consumption
opportunities.

In a literature review of the effect of feedback on home energy con-
sumption, Fischer (2008) notes that of the dozen studies that she reviews
that test the impact of peer comparison information, none had shown an
effect on usage. She attributes this failure to the “boomerang” problem,
where informing individuals of typical peer behavior causes those who
have lower-than-average peer consumption to respond to peer informa-
tion by increasing their home energy consumption. Cialdini et al. (1991)
show that combining injunctive norms (norms that express social values
rather than actual behavior) with descriptive norms can neutralize the
boomerang effect. Schultz et al. (2007) conducted a randomized field
study in San Marcos, CA, of the effectiveness of social norms messaging
(alongside energy-saving tips) to reduce home energy consumption. See
also Nolan et al. 2008. They found that combining the descriptive and
injunctive messages (in this case, the emoticons ) and ) lowered energy
consumption and reduced the undesirable boomerang effect.

The Opower experiments detailed in this article build on the findings
of the San Marcos study. As in the San Marcos study, the Opower
reports use descriptive norms as well as injunctive norms, such as ©)
emoticons, to reduce consumption and in order to counteract the boom-
erang effect. The Opower experiments reported here, however, go beyond
the San Marcos experiment in a number of ways. First, the Opower
experiments have a significantly larger sample size than that of the San
Marcos experiment, which included 290 treated households, compared to
35,000 in the SMUD study and 40,000 in the PSE study. Second, the
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Opower studies also allow us to test multiple new aspects of the dynamics
of energy use feedback:

e Mecasuring longer term impacts. Whereas the San Marcos study’s
observation period was only 1 month, the SMUD and PSE experi-
ments encompass 12 and 7 months of post-treatment data,
respectively.

e Measuring daily impacts. Unlike the San Marcos study, the PSE ex-
periment gives access to daily energy readings.

e Measuring impacts on both electricity and natural gas. The PSE ex-
periment tested the effect of feedback on both electricity and natural
gas usage, allowing for a fuller picture of household energy use.

e Measuring impacts of different message frequencies (quarterly versus
monthly), different report content, and different envelop sizes.

Moreover, the Opower experiments were conducted using a more realis-
tically scalable intervention. Instead of mailed reports, the San Marcos
study used hanging doorknockers with hand-drawn emoticons. Together,
the SMUD and PSE experiments provide compelling evidence that prop-
erly framed peer comparisons (combined with historical usage informa-
tion and personalized tips) can predictably lower energy consumption,
particularly of the highest energy using households.

The experiments analyzed here contribute to a growing literature on the
impact of different forms of disclosure and information on energy use.
Studies testing the effect of customer feedback on residential energy con-
sumption have been promising, although these studies have often had
small sample sizes and methodological limitations (see literature reviews
by Abrahamse et al. 2005; Darby 2006; Fischer 2008; Ehrhardt-Martinez
et al. 2010; and Faruqui et al. 2010). The Opower studies add to the evi-
dence that social norms messages are one powerful form of feedback for
energy consumers. There is also an emerging literature showing that social
norms messages can promote other forms of green behavior, including
reducing residential water usage (Ferraro and Price 2011) and installing
energy-efficient light bulbs (Herberich et al. 2011).

The Opower results also provide evidence that disclosure can impact
consumer behavior. Federal and state policymakers frequently mandate
information disclosure as a tool to regulate consumer markets. The em-
pirical evidence on disclosures, however, is inconsistent. For example,
public hygiene grades for restaurants have influenced consumer choices
about where to eat and led to fewer foodborne illness hospitalizations
in Los Angeles (Jin and Leslie 2003). Yet a number of empirical
investigations of disclosures have found that they have limited or no
impact (e.g. see Ben-Shahar and Schneider 2011, for a review of the fail-
ures of mandatory disclosure policies in a number of important US con-
sumer markets). The varied track record of disclosures suggests that their
effectiveness will depend heavily on the framing, content, and delivery of
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the information being conveyed, and that it is critical that disclosure
policies be informed by rigorous empirical analysis of which approaches
are the most effective.

2. SMUD Experiment
We begin by analyzing the results of a field experiment to assess the impact
of home energy report on energy consumption in the SMUD.

2.2 Experimental Design

The SMUD messaging experiment began in April 2008 and is still on-
going; the results presented in this paper cover the period from April
2008 through April 2009." The sample includes approximately 84,000
households who are customers of SMUD. To select participants,
Opower filtered by census tract within SMUD’s customer base to maxi-
mize the number of single family homes with more than 12 months of
billing history, that were on standard rate plans (nonmedical rate,
nonphotovoltaic), and that had a matching parcel record with details
about the home, such as house size and value.

Once participants were selected, the randomization process imple-
mented a “batch” assignment: 959 batches of census blocks were ran-
domly assigned to the treatment and control groups. These “batch
blocks” consist of 50-100 homes. 35,000 households were in batch
blocks assigned to the treatment group, and 50,000 were in batch blocks
assigned to the control. Opower used this assignment methodology to
increase the likelihood that neighbors would receive reports and have
the opportunity to discuss the reports with each other, thereby increasing
the motivation for taking actions to reduce home electricity consumption.

All members of the treatment group received home energy reports on a
periodic basis. Each home energy report contains four key personalized
components: (1) Current period neighbor comparison: A bar chart com-
paring the household’s recent electricity use to a group of comparable
neighbors and “efficient neighbors,” with both normative and injunctive
messages designed to motivate action;” (2) Historical peer comparison:
A chart comparing the household’s electricity usage to its comparable

1. All the data in this article, including data originally obtained from the utilities them-
selves as well as from third parties, was generously provided to the authors by Opower, who
were responsible for designing and conducting the experiments. The authors of this article
have received no compensation from and have no financial interest in Opower. SMUD has
contracted with ADM & Associates to independently assess the success of the program. In
addition, Opower engaged Summit Blue to independently evaluate the SMUD data. PSE also
plans to select a third party to conduct independent program measurement and verification
analysis.

2. The SMUD energy reports initially included between 1 and 3 smiling or frowning
emoticons, but the frowning emoticons were discontinued shortly after the experiment
after SMUD received a handful of complaints, and frowning emoticons were not used in
the Puget Sound experiment.
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neighbors and “efficient neighbors™ over the last 12 months; (3) Personal
historical comparison: A section comparing the household’s usage in the
current year by month with that household’s usage in the same months
from the previous year; (4) Targeted energy efficiency advice: tips selected
based on the household’s energy use pattern, housing characteristics, and
household demographics. All reports were printed in color on a single
8%2% x 117 sheet of paper. Examples of the elements of the front page
of this report are included in Appendix Figure Al. Because of the
multi-faceted nature of the intervention, the experiment cannot distin-
guish the impact of the “peer comparison” information from the impacts
of the other elements of the report.

The 35,000 treatment households were then assigned to different
sub-treatment groups to receive the reports either monthly or quarterly
based on historical usage levels: the 25,000 households with higher con-
sumption levels were assigned to the monthly frequency group, while the
10,000 households using less energy (<21.85kWh/day) were assigned to
receive the report quarterly.?

SMUD provided the basic data on energy consumption, including his-
torical billing information dating back to January 1, 2006 (over two years
before the beginning of the treatment in April 2008). Data on household
parcel characteristics (such as square footage and home values) comes
from the Sacramento County Assessor’s Office.* Household-level demo-
graphic data (such as estimated income level and length of residence)
comes from private direct marketing and data aggregation service
databases.

2.3 SMUD Results

Appendix Table Al investigates whether the sample is well-balanced be-
tween the control and treatment groups. The random assignment at the
census batch level, as opposed to the individual household level, allowed
some statistically significant differences in some pretreatment variables.
For example, the households in the treatment group on average were 16

3. All households (treatment and control) were also randomly assigned to one of two
different report template groups and one of two different envelop-size groups. The two report
template groups were “graphical” and “graphical + narrative.” Both templates included the
same core elements, including graphs with feedback information, but the narrative version
(shown in Appendix Figure Al) included a blurb of text explaining the charts, reinforcing the
normative messages, and highlighting tips on how to save energy (including both mentioning
tips in the blurbs and pointing the reader toward the personalized tips section on the back of
the report). The two envelop types tested included a standard business "#10” envelop (similar
to the envelop used to deliver SMUD customer bills) and a larger 6" x 9" envelop. All en-
velops displayed the SMUD logo and return address. Envelop size did not affect the envelop
content, which was always printed on 8'%2” x 11" paper; but folded differently to accommo-
date the different envelop sizes. These subgroup randomized tests of template and envelop
size were not statistically significant and not reported here.

4. The heating fuel type was derived from the customers’ rate codes, as SMUD offers
lower rates to houscholds with electric heat.
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square feet smaller and used 0.3 kWh/day more in 2006 than the average
control group households.’

Households in the treatment group that complained about receiving the
Opower reports or who asked to stop receiving the report were allowed to
opt out of the treatment. Only 2% of the treatment group opted out of the
experiment. The following regressions, which retain these observations
and which only control for pretreatment variables, should be interpreted
as “intent to treat” effects. Unreported treatment on the treated estimates
were of similar in size and significance. In addition, similar proportions of
treatment and control households (8% and 7%, respectively [p=0.10])
moved after the experiment began, and closed their SMUD accounts.

Figure 1 reports the results from monthly regressions on approximately
84,000 household observations where the log of monthly average kWh/
day was regressed on a treatment group indicator and a constant. As
shown in Figure 1, the treatment group’s energy consumption (relative
to the control group) moved erratically before the start of the experiment
(indicated by a vertical line marking April 2008). For example, the treat-
ment group used more electricity than the control group in February 2007
and less in June 2007, and these differences were statistically significant.
Still, even before other factors are controlled for, there was a significant
drop in energy usage for the treatment group relative to the control for all
the months following the initial report mailing.

To account for factors besides the reports that may be driving the
change in energy usage, we control for house characteristics (square
feet, age of house, presence of pool or spa, house value, gas user, census
tracts), household demographics (energy usage in 2006, length of resi-
dence at particular house, number of residents, income, age, affluence),
and the average number of cooling degree and heating degrees per day in
each billing cycle.” Figure 2 shows that after controlling for these charac-
teristics there was no systematic difference in energy usage between the
treatment and control groups before the experiment began. With the ex-
ception of one month in the pretreatment stage, the difference between the
energy usage of the control and treatment groups is statistically insignifi-
cant, straddling 0%. After the first reports arrived around April 15, 2008,
we observe a significant drop in the electricity consumption of treatment

5. A parallel analysis (also reported in Appendix Table Al) of the subrandomization of
envelop size and the graphical/narrative template within the treatment group shows that the
data was well balanced between these groups.

6. We also constructed an indicator variable called “Tier 2 Pricing in 2006” that was set
equal to one, if a household’s average energy usage per day in 2006 placed the household into
the utility’s higher marginal price for energy.

7. Cooling and heating degree days are based on deviations from a base temperature of
65°. For example, a day with an average temperature of 68° will count as three cooling degree
days. Similarly, a day with an average temperature of 62° will count as three heating degree
days. Cooling and heating degree days are then divided by the duration of the billing cycle to
generate a daily average.
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Figure 1. SMUD Treatment Effect (% change in kWh—uwithout controls). Notes: 95% con-
fidence intervals shown in gray. Vertical lines indicate first mailing. OLS regression on
natural log of kWh/day clustered on household with same controls as in Table 1.

1.00%

0.50% 7

0.00% T

Jan-{¥
Fely-09

Mar-47 {|
Apt-(

0.50% &

Feb-0

-L00%
-1.50% 1
=2.00%

-2.50% 1

Treatment Effect (% change in KkWh)

-3.00%

-3.50%

Figure 2. SMUD Treatment Effect (% change in kWh—uwith controls). Notes: 95% confi-
dence intervals shown in gray. Vertical lines indicate first meeting. OLS regression on
natural log of kWh/day clustered on household with same controls in as Table 1.

households relative to control households, on the order of 1% in May
2008. There is a steady decline until August 2008, when the treatment
group saw a reduction in electricity usage by more than 2.5%. The gap
between the usage levels of the control and treatment groups then narrows
in the fall months (September—November 2008), though the reductions
made by the treatment group are still significantly negative relative to the
control group. After November 2008 the effect of the treatment grows in
all months except April 2009, with the greatest reduction in electricity
consumption since the beginning of the experiment (greater than 2.5%)
occurring in March 2009, almost a year after the study first began.

To simultaneously investigate the impact of treatment across different
months, we then “stacked” the household-month data and again regressed
the log of average monthly kWh/day for individual households on the
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controls reported in Table 1 (calculating standard errors by clustering on
household IDs). The interaction between “Treatment” and the “After
First Mailing (April 2008)” variable captures the effect of being in the
treatment group after the start of the experiment. The average effect of the
treatment on energy reduction is significant and robustly estimated in
Table 1 at about 2%, with or without ancillary controls and in a third
specification in which we control for 83,695 household fixed effects.
Table 2 tests whether there are heterogencous treatment effects by
re-running the household fixed-effects regression from Table 1 but
adding various interaction terms. We find no evidence in either specifica-
tion that households with larger pre-experiment energy usage per square
foot (kWh per square foot per day in 2006) exhibited larger energy reduc-
tion after receiving the peer message. Larger houses, however, did exhibit
more pronounced treatment effects. The last column of Table 2 indicates
that a one standard deviation increase in pre-experiment energy usage per

Table 1. SMUD OLS Regression of Log Household Monthly Average kWh/day

No controls ~ With controls With household
n=2,262,815 n=1,585,490 fixed effects

n=2,262,815
Treatment household —0.0013 —0.0006
Post April 2008 (first mailing) -0.0183** 0.0784*** 0.0510**
Treatment x post April 2008 —0.0199 —0.0215***  —0.0202***
Cooling degree days (per billing cycle) 0.0021*** 0.0021***
Heating degree days (per billing cycle) 0.0006™** 0.0006***
Narrative template 0.0013
6 x 9 envelop 0.0009
Quarterly report recipients —0.1163***
House sqg. ft. (in 100s) 0.0034***
House age 0.0002**
Pool 0.0457***
Spa —0.0030
House value (in $100,000s) 0.0042***
Gas heat 0.0317**
kWh/day usage in 2006 0.7595***
Tier 2 price in 2006 0.0296***
Length of residence —0.0006***
Number of residents 0.0079***
Head of household age effects No Yes No
Income quartile effects No Yes No
Affluence effects? No Yes No
Proprietary segment effects® No Yes No
Census tracts fixed effects No Yes No
Monthly fixed effects No Yes Yes
Household fixed effects No No Yes
R 0.0007 0.7061 0.7858

Regressions clustered on households with Huber-White robust standard errors. “Ten Affluence groups were created
by Direct Group. °Proprietary segment groups created by OPOWER based on house characteristics.”, **, and
***Significance at the 90%, 95%, and 99% levels, respectively.
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Reducing Residential Energy Usage 1001

square foot is associated with a 1.9 percentage points reduction in energy
usage for the treated households. But relatedly, the third specification did
find statistically larger energy-reduction treatment effects for households
whose average energy consumption in 2006 placed them in the higher of
two pricing tiers (where the marginal price per kWh was ~70% higher,
averaging about 15 versus 9 cents per kWh). The more complete specifi-
cation (in Column III) reports larger energy-reducing treatment effects for
households with spas, and when there were more cooling degree days. In
contrast, we find among households with a swimming pool that the mar-
ginal estimated effect of receiving an energy message was to increase
energy usage by 1.2 percentage points.

To further explore the interaction between treatment and pre-
experiment household energy usage, we categorized the households into
deciles of pretreatment energy usage per house square foot (based on the
available usage data for the 15 months prior to experiment), and reran the
Table T “With Controls” regression adding these decile indicators
fully-interacted with the Post and Treatment variables. Figure 3 reports
reductions in energy usage of treated households relative to untreated
households in the same decile. Figure 3 shows that treatment effects
tended toward larger percentage reductions for households with larger
pretreatment usage. The lowest 5 deciles were estimated to have smaller
than average energy reductions, while 3 of the 5 highest deciles had higher
than average energy reductions. The figure presents no evidence that trea-
ted households in the lower deciles of pretreatment energy usage exhibited
a “boomerang” effect—increasing their energy usage when they learned
that there consuming less electricity than their peers (Cialdini et al. 1991).
The second to lowest decile was estimated to have a treatment effect that
was statistically indistinguishable from zero (at a 5% confidence level),
and no deciles exhibited a statistically significant increase in energy usage.
The absence of a boomerang effect is consistent the findings of Schultz et
al. (2007) in the San Marcos study, where lower-consuming households
who received peer reports coupled with emoticons did not increase their
energy usage. Even though the regression behind Figure 3 controlled for
whether the household was a quarterly recipient, these decile results
should be viewed with caution since the lower decile households were
dominantly in batch blocks that were nonrandomly assigned to receiving
quarterly reports. The lack of a boomerang effect might be confounded
with the assignment of the lowest pretreatment energy user to a different
kind of treatment.

We also investigated whether the impact of the treatment on energy
usage decayed with the time since the last message (what we will call a
“staleness” effect) or with the total number of peer reports a household
has received (what we call a “routinization” effect). To test for these
heterogeneous treatment effects, we reran the household fixed effects
regression on just the quarterly data from Table 1 and interacted the
core treatment regressor (Treatment x Post-April 2008) with three new
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average change in kWh. OLS regression on natural log of kWh/day clustered on house-
hold id.

variables: “Numbers of Messages”, “One Billing Cycle After the Last
Message”, and “Two Billing Cycles After the Last Message.”® Table 3
reports the results of our staleness and routinization tests for both
linear and quadratic “Number of Messages” specifications. In the third
specification, the negative (and marginally significant) coefficient on the
“Number of Mailings” variable suggests that instead of leading to routin-
ization, repeated messages tended to reinforce the energy-reducing treat-
ment effects. The repetition of up to 14 monthly messages in our sample
tended to enhance energy reduction rather than causing households to
grow habituated or numb to the message.

The insignificant coefficients on the energy usage coming one or two
months after the last energy message indicate that the energy reducing
treatment effects were not becoming more muted over time—suggesting
that for households who only received the message once per quarter that
the message’s power was not becoming staler as the memory of the last
message fades with time.

Table 4 estimates the potential yearly impact of the reports on both
dollars saved and energy conservation if SMUD were to send the reports
to all of the households in its customer base. At an average reduction of
2.35% for monthly recipients, the reports would reduce consumption
187 kWh per year per household for a total savings of about $26 a year
per household. These average treatment effects correspond to a household
reducing its use of a 75 watt bulb by about 6.8 h/day (or reducing air
conditioner usage by about half an hour). While the modest percentage

8. For quarterly households (who received three bills per quarter), the billing cycle that
included the date the energy message was received was the omitted category.
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Table 3. SMUD OLS Regression of Log Household Monthly Average kWh/day,
Clustering on Household ID with Robust Standard Errors (quarterly households only)

With household With household With household
fixed effects fixed effects fixed effects
n=:656,403 n=:656,403 n=:656,403

Treatment x post April 2008 —0.01472*** —0.01372*** —0.00906***
(first mailing)

Treat x post x no. of messages —0.00001 —0.00673*

Treat x post x (no. of messages)® 0.00151

Treat x post x one billing cycle —0.00107 —0.00022
after last message

Treat x post x two billing cycles —0.00271 —0.00173
after last message

Month fixed effects Yes Yes Yes

Household fixed effects Yes Yes Yes

R 0.61 0.61 0.61

Regressions clustered on households with Huber-White robust standard errors. “One Billing Cycle After Last
Message” refers to the bill received following the last energy report. “Two Billing Cycles After Last Message”
refers to the secnd bill received following the last energy report.”, **, and ***Significance at the 90%, 95%, and
99% levels, respectively.

Table 4. SMUD Projected Cost Savings and Environmental Impact

Monthly and quarterly
weighted effects

Per household

Reduction kWh/day 0.51
Reduction kWh in a year 187.20
Total savings in a year $25.74
Savings per mailing $2.78

For customer base of SMUD
Annual kWh reduction 110,917,005
Annual reduction in metric tons CO22 79,638
Annual savings $15,250,601
Estimated short-term price increase necessary to 7.02%

produce comparable energy reduction®
Estimated long-term price increase necessary to produce 1.57%
comparable energy reduction®

4Annual reduction in metric tons CO2 was calculated by first calculating the average annual reduction for monthly
recipient and quarterly recipients (using treatment effects weighted by prevalence of monthly and quarterly house-
hold recipients). The weighted average reduction was multiplied by the average kWh/year in 2008 to calculate the
average yearly household reduction in kWh. This result was multiplied by the number of households in Sacramento
to calculate the total annual kWh reduction in the city. The annual kWh reduction for the city of Sacramento was then
converted to CO2 metric tons (assuming 7.18 x 10™* metric tons CO2 / kWh calculated by the EPA). “Based on
Bernstein and Giriffin’s (2005) regional price elasticity of electricity calculations
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reductions (and associated behavioral changes) make the estimated
impacts of the experiment more plausible, it should be remembered that
some of the report recipients are likely to have discarded the unopened
energy reports as junk mail (despite the fact that they arrived in envelops
bearing the SMUD logo and return address). Using regional elasticity
estimates (Bernstein and Griffin 2005), we find that to induce equivalent
energy reductions, an energy excise tax would require a price increase of
7.02% in the short run (or 1.57% in the long run).

If the nearly 593,000 households in SMUD’s customer base received
reports using the same formula by which SMUD treatment households
were assigned to monthly or quarterly reports and if the average percent-
age treatment effects could be validly extrapolated to the city as a whole,
we could expect to see a reduction of over 110 million kWh in a year—the
energy equivalent of conserving nearly 80,000 metric tons of carbon emis-
sions. SMUD customers city-wide would save on their energy bills in
aggregate over $15.2 million. But such extrapolations should be viewed
with caution. The 13 months of this experiment cannot speak to long term
treatment effects. The treatment effects on single family detached houses
included in the experiment may differ from those that would pertain in the
larger universe of SMUD accounts (as the SMUD system-wide average
usage is about 2000 kWh per year lower than the average for households in
the experiment).

Table 1’s treatment estimates imply average household energy savings
per mailing of $2.78. By combining this evidence of household energy
savings with information about the costs of producing and mailing the
energy reports, we estimate that on average the mailings cost 4.94 cents
per kilowatt-hour saved. This estimate of cost effectiveness is on par or
lower than those of other energy efficiency programs (Auffhammer et al.
2007; Friedrich et al. 2009; Allcott 2011). Since, as shown in Figure 3,
higher energy users made significantly larger reductions in energy, it
appears likely that targeting reports at only higher energy consumers
would be even more cost effective. In an analysis conducted across a
number of Opower experiments, Allcott and Mullainathan (2010) esti-
mate that the Opower-type treatment costs an electric utility 2.5 cents/
kWh saved. An important question for further study is how effective
messages similar to Opower’s can be through electronic communication
channels, such as delivery through email, a web browser, or to a mobile
phone or other mobile device. Such an approach is promising as it has
the potential to significantly reduce the cost and increase the efficiency of
the intervention.

3. PSE Experiment

3.1 Experimental Design
In October 2008, Opower launched another home energy report experi-
ment, this time working collaboratively with PSE in King County, WA.
There were three major differences between the experimental designs of

9102 ‘0T I2quiadeJ uo Al!S.IQA!IIn JJex e /glO'S[BILIHO[plO}XO'OQ[[//ZdllL[ WolJ papeojumo



Reducing Residential Energy Usage 1005

the SMUD and PSE studies: first, the PSE reports encompassed both
electricity and natural gas, allowing for a more complete picture of each
household’s energy use; second, the PSE study randomly assigned house-
holds to either monthly or quarterly report frequency;’ and third, the
study used household-level randomization, instead of less balanced
batch-level randomization used in the SMUD study.

The PSE experiment consisted of approximately 84,000 homes ran-
domly assigned to control and treatment groups. These homes were
chosen from PSE’s 1.3 million residential customers who met the follow-
ing criteria:

e Single family homes located in King County, WA

o Exactly one active electric account and one active gas account with
PSE

e History for both gas and electric accounts dating to January 2007

e Matched parcel record available from the King County Assessor’s
data

e Not identified by the King County Department of Assessments as
having solar heat

“All electricity” households that rely on electricity for heating were
excluded from the experiment to focus more cleanly on households that
rely primarily on gas for heating. These filters created a pool of approxi-
mately 100,000 households that were eligible to participate in the program.
Additional exclusions were made to eliminate homes with distant neighbors
or with unusual home sizes (so that neighbor comparisons would be more
meaningful) and homes that used relatively little energy (less than approxi-
mately 23,000 kWh per year). In order to test the effect of the frequency of
the reports on home energy consumption, households were also randomly
assigned to receive the report on a monthly or quarterly basis in the ratio of
3:1. Sample elements from the front page of this report are included in
Appendix Figure A2. Unlike in the case of SMUD, the PSE report included
energy information regarding both electricity and natural gas consumption.
The report began with a Combined Energy Cost (CEC) comparison, in
addition to two charts tracking the last 12 months of household kWh and
therm consumption relative to nearby neighbors in similar size homes.'”

9. Unlike in the SMUD experiment, all of the PSE reports used the same “graphical”
template and standard-business envelop size.

10. The combined energy cost (CEC) is an estimate of the cost of electricity and gas used
by the household. On the reports the combined energy cost was reported in terms of a
price-weighted index (PWI), where PWI = 12.51*therms + kWh. The factor 12.51 represents
the kilowatt-equivalent price of one additional therm for a PSE customer. An estimate of the
CEC can then be found by multiplying the PWI by the approximate price of 1 kWh, 8 cents.
The combined energy cost does not exactly reflect the relative costs to the households because
the actual pricing formula took into account other factors (e.g., fixed costs).
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3.2 PSE Results

Appendix Table A2 shows that the randomization was successful in pro-
ducing treatment and control households with similar pretreatment attri-
butes.!' Only 1% of the treatment group opted out of receiving the
reports, which, as in the SMUD experiment, suggests that the following
intent to treat estimates will be nearly identical to treatment on the treated
effects. About 2.3% of both the control and treatment households closed
their accounts with PSE during the experiment because they moved away.

Figure 4a and b reports the results of regressions of the log of monthly
average kWh per day and therms per day usage on a treatment indicator
and a constant. Unlike SMUD (Figure 1), where census-tract level ran-
domization created some substantial pre-experiment differences between
treatment and control households, the PSE data show no substantial dif-
ferences in pre-experiment usage. All differences in energy usage between
the control and treatment groups for pre-experiment usage, as expected,
were statistically insignificant and close to 0%. Figure 4a and b shows that
the treatment households reduced their use of both electrical and natural
gas energy relative to the control households in November 2008 (the first
full month after the reports were sent out on October 20).

Table 5 displays the results of stacked regressions (analogous to the
SMUD regressions displayed in Table 1) on approximately 1.5 million
household-month observations. The regressions are run on the log of
three measures of energy use: average monthly kWh per day, average
monthly therms per day, and the average monthly CEC. As in the
SMUD Table 1 analysis, we report the results of parallel regressions
with and without controls for house demographics (such as square foot-
age, age of house, house value), household demographics (such as past
energy usage), month, and cooling degree days and heating degree days.
As with the SMUD data, the estimated treatment effects are quite robust
to the inclusion of ancillary controls. On average, households in the treat-
ment group reduced kWh usage by 1.2%, therm usage by 1.2% or 1.3%,
and a combined price-weighted usage by 1.2% compared with the control
group.

One potential explanation for why the estimated PSE treatment effect is
smaller than the SMUD average is that the PSE experiment has been
running for a shorter time. But restricting the SMUD data to include
just the first 8 months of postexperiment energy usage had no impact on
the size or significance of the estimated treatment effects when we reran
the regressions in Table 1. Alternatively, the treatment effect might be
larger in SMUD if PSE households tended before the experiment to be
more energy conscious. We find some support for this hypothesis as we

11. The table does reveal some statistically significant differences between the randomly
assigned monthly or quarterly groups, but the raw differences in levels were not substantial
(for example, in 2007 the average kWh per day was 30.2 and 30.5 for the monthly and
quarterly households, respectively).

9102 ‘0T I2quiade(J uo Al!SJQA!IIn JJex e /g.IO'S[BII.IHO[plO}XO'OQ[[//ZdllL[ WolJ papeojumo



Reducing Residential Energy Usage 1007
(@) roow
0.50%
.00%
£.50%
-100%

-1.50%

Treatment Effect (% change in KWh)

-2.00%

-1.50%

(b) 200

L00% ¢
0.50% +
0.00% 1

=0.50% *+

Treatment Effect (% change in therms)

-2.50% %

=300

Figure 4. PSE Treatment Effect (% change in kWh and therms—without controls). Notes:
95% confidence intervals shown in gray. Vertical lines indicate first mailing. OLS regres-
sion on natural log of kWh/day clustered on household id with same controls as in Table 3.

estimated lower pretreatment electricity usage (as measured by kWh per
square feet per cooling degree day) in Puget Sound than in Sacramento
(restricting our attention to households in both cities that used gas heat)
(see Ayres and Nalebuff 2005). This, at least weakly, suggests that the size
of the treatment effect will be smaller in cities where there is greater
pre-experiment conservation. But there are substantial differences in
two cities’ climates, with Sacramento averaging more than six times the
number of cooling degree days (National Climate Data Center, http://
www.ncdc.noaa.gov/oa/climate/online/ccd/nrmedd.html)

Table 6 tests for heterogeneous treatment effects (analogous to the de-
composition analysis performed for SMUD in Table 2) in the PSE data by
rerunning the household fixed effects specification from Table 5, this time
adding various interaction terms with the treatment variable of interest
(Treatment x Post). We find that households with larger pretreatment
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energy usage per square foot exhibited larger energy-reducing treatment
effects. Larger, more valuable, and older households had smaller
energy-reduction treatment effects.

In the SMUD experiment (as shown in second specification of Table 2),
those who received the report monthly saved more electricity than those
who received it quarterly (although the result was only significant at 10%
level). However, in SMUD only the lower (pretreatment) energy-using
households were assigned to the quarterly treatment group, leading to
the possibility that the smaller estimated quarterly treatment effect was
driven by lower pretreatment energy usage. In the PSE experiment, how-
ever, with randomized monthly and quarterly recipients, we are better able
to gauge the causal impact of report frequency. Table 6 shows that in the
PSE data, quarterly treatment effects are statistically indistinguishable
from monthly effects.

Figure 5 further explores the heterogencous treatment effects for differ-
ent levels of pretreatment usage by rerunning the CEC “with controls”
regressions of Table 5 but adding treatment interactions for each of the
pretreatment energy usage deciles. One finds (as in the Figure 3 analysis of
SMUD data) that households with more pretreatment energy use per
square foot exhibit larger energy reduction—with four of the five highest
deciles exhibiting larger than average energy reductions and three of
the five lowest deciles exhibited lower than average energy reductions.
Figure 5 indicates that Sacramento households also did not exhibit boom-
erang effects. The treatment effects of two lowest Puget Sound deciles were
not statistically different from zero, and all the other deciles were esti-
mated to have statistically significant energy-reducing treatment effects.
Rerunning this regression with just monthly data produced qualitatively
similar results (with the two lowest deciles not statistically different from
Z€r0).

One advantage of the Puget Sound experiment is that PSE collects daily
data on energy usage, with the aid of an automated meter read system
called CellNet. Figure 6 reports the results of a regression (using “with
controls” specification of Table 5) of household-day energy usage where
the treatment variable (Treatment x After First Mailing) was interacted
with day of week indicators. The figure shows that Sunday (the day of the
week with the highest energy consumption) has the largest treatment
effect, and that 38% of the estimated treatment effect occurs between
12:00 AM Sunday morning and 11:59 PM Monday night. It may be
that the energy savings is even more tightly concentrated during the week-
end, with the bulk of the “Monday” savings occurring during the night
between Sunday and Monday. The evidence that most of the savings is
happening on two contiguous days roughly overlapping with the weekend
suggests that the primary impact of the energy reports may not be driven
by certain types of durable conservation efforts (such as a more energy
efficient refrigerator). But it is impossible with our limited data to empir-
ically distinguish among a number of alternative hypotheses for
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Figure 5. PSE Treatment Effect (% change in CEC) by Pretreatment CEC/sq. ft. Deciles.
Notes: 95% confidence intervals shown in gray. Horizontal dashed line indicate first
mailing. OLS regression on natural log of CEC/day clustered on household id with
same controls as in Table 5.
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Figure 6. PSE Treatment Effect (% change in CEC) Day of the Week. Notes: 95% confi-
dence interval is shown. OLS regression on natural log of CEC/day clustered on house-
hold id with same controls as in Table 3.

heightened weekend conservation (including, for example, the possibility
of increased mindfulness of energy consumption on the weekends).'? The
statistically significant positive treatment effect on Friday also suggests
the possibility of temporal substitution—for example, shifting chores (e.g.
laundry) from the weekend to Friday. The weekend skew of the treatment

12. On the other hand, increased savings on the weekends could be the result of dispro-
portionate use on weekends of durables (such as new energy-efficient washing machines).
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effects also highlights the possibility that the reductions in utility usage do
not necessarily mean that the individuals in the household reduced their
overall personal energy consumption. For example, it is possible that
treatment households substitute toward energy consumption outside the
household simply choosing to engage in more weekend activities outside
the house. These daily treatment effects are puzzling and resist any simple
theoretical explanation.

The more granular data also allows us to estimate treatment effects
across the billing cycle. Figure 7 reports the results of a series of regres-
sions (using the “with controls” specification of Table 5) calculating the
treatment effect in terms of kWh and therms for particular weeks before
and after the experiment began. Figure 7a reports the week by week treat-
ment effects on kWh and therms for recipients of monthly reports. The
vertical lines denote the approximate delivery dates of the reports.'® The
treatment effects for all 31 post-experiment weeks are statistically signifi-
cant and negative. The treatment effects for therm usages for the weekly
data becomes more modest in the final three weeks of the data, just as
cooling degree days in the Spring started to increase—suggesting (albeit
with very limited data) that the percentage treatment effect on gas may be
more modest when home heating becomes less important. Figure 7b
analogously reports the weekly treatment effects for quarterly report re-
cipients on kWh and therms. After the first mailing, 52% of the treatment
effects observed on therms were statistically lower than zero for therms,
and 77% of the treatment effects for kWh were statistically significant
(p < .05) reductions.

As in SMUD (Table 3), we again tested for staleness and routinization
effects on quarterly households—using an interacted version of the fixed
household effects specification in Table 5. However, Table 7 reports no
statistically significant interactions. The size of the treatment effect was
unaffected by either the number of the messages or the relative staleness of
the message for quarterly report recipients.

Finally, Table 8 assesses the potential economic and environmental
impact if reports were sent to all households in PSE’s customer base.
Per household, energy report recipients save on average about $13 a
year from kWh reduction, and $11a year from therms reduction, for a
total of about $24 of savings in a year. With over 930,000 housecholds
receiving electric service and over 681,000 households receiving gas service
from PSE, PSE customers might stand to save $22 million annually from
these peer-comparison energy reports (about $23 million from monthly
reports or about $21 million from quarterly reports). As with SMUD
estimates, extrapolation of treatment effects from the experiment sample
(single-family houses using both gas and electricity) to the broader

13. The timing of monthly reports was not evenly spaced across time because of holiday
interruptions and other logistical issues. Printing and sending a particular mailing sometimes
took multiple days to complete.
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population of PSE households (93.6% of which relied on gas and electri-
city to heat their houses) should be viewed with caution. In environmental
terms, this projected customer-base-wide savings from quarterly reports is
the equivalent of over 100 metric tons of CO,. PSE households saved on
average $3.06 per mailing ($2.06 for the monthly reports and $5.57 per
mailing for the quarterly reports). While energy reduction as a percentage
of consumption was lower in Puget Sound than in Sacramento, it was
applied to a larger base (which included natural gas). The added savings
in therms overall made the PSE intervention more cost effective with an
overall cost per kilowatt-hour saved of just 1.78 cents. These average
treatment effects in terms of both electricity and therm reduction are
equivalent to a household reducing its use of a 75 watt bulb by about
16 h per day (or reducing air conditioner usage by about 72min).
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Table 8. PSE Projected Cost Savings and Environmental Impact

Monthly and quarterly
weighted effects

Per household (kWh)

Reduction (kWh/day) 0.39

Total kWh reduction in a year 140.85

Total kWh savings in a year $12.97
Per Household (therms)

Reduction therms/day 0.03

Total therms reduction in a year 10.14

Total therms savings in a year $11.02
For customer base of PSE

Annual savings per household $24.00

Savings per mailing $3.06

Annual savings for Puget Sound $22,326,161

Annual savings in metric tons of CO27 128,647

Estimated short-term price increase necessary 3.90%

to produce comparable energy reduction®
Estimated long-term price increase necessary to 0.87%

produce comparable energy reduction®

aBased on 7.18 x 10™* metric tons CO2 / kWh and 0.005 metric tons CO2/therm calculated by the EPA.’Based on
Bernstein and Giriffin’s (2005) regional price elasticity of electricity calculations.

Again using regional elasticity estimations (Bernstein and Griffin 2005),
we find that to induce equivalent energy reductions with an energy excise
tax, a price increase of 3.9% in the short run (or .87% in the long run)
would be required.

4. Conclusion

Both the PSE and SMUD experiments reveal that Opower peer compari-
son reports cause significant reductions in home energy use. The PSE and
SMUD experiments show that the effects of the report continue to be
strong up to 7 and 12 months after the households begin to receive reports,
respectively. The experiments analyzed here add evidence of external val-
idity to the findings of the San Marcos study. They show that a peer
comparison intervention (combined with personalized energy-saving
tips, energy usage history and injunctive emoticons) can be feasibly
scaled. In both experiments, households with higher pretreatment
energy use per square foot saved more than households with lower pre-
treatment energy use.

The experiments also provide at best suggestive evidence about the
types of behavior that may be driving energy reductions. The
day-of-the-week treatment effects uncovered in the PSE data, for example,
are inconsistent with certain durable conservation measures (such as a
installing a more energy-efficient refrigerator) that would be expected to
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deliver more consistent levels of energy use reductions throughout
the week.

The Opower experiments suggest that governmental entities looking for
low-cost interventions to promote conservation should consider mandat-
ing or incentivizing utilities to provide peer comparison information—
through separate mailings, in the regular utility bill, or through electronic
communication channels. Although some utilities, such as those that are
publically owned (like SMUD), or are private but regulated (like PSE), are
beginning to provide such feedback, some utilities may not have adequate
incentives to promote customer energy conservation. Similar levels of
short-term energy reduction could alternatively be achieved by tax in-
creases of 3-7%, but mandating peer information is more likely to be
politically feasible.

Even without express regulatory mandates, peer-comparison informa-
tion is quickly gaining substantial market penetration. At the moment,
Opower is providing energy reports via paper mailings or web access to
more than 10 million households at 46 different US utilities in 22 states
(including 8 of the largest 10 utilities) (Allcott 2011). The Opower results
have also attracted the attention of policymakers. President Barack
Obama has highlighted Opower as a clean energy success story. The
White House has cited to Opower’s example in their support for invest-
ment in “smart grid” technologies that, among other things, enable
sophisticated forms of energy customer feedback.'* US legislators have
introduced bills in Congress aiming to give consumers ready access to
richer data on their energy usage (E-KNOW Act 2011). The UK govern-
ment, also citing the Opower results, has announced that it is partnering
with Opower and another utility to test the use of peer feedback to energy
consumers. The government is also seeking a voluntary agreement with
the country’s utilities to provide comparative consumption information to
their customers and has stated that if an agreement cannot be reached, it
will seek legislation (Behavioral Insights Unit 2011).

Finally, the Opower experiments suggest that peer-comparison feed-
back, such as direct mailings, might prove an effective tool in a broad
range of other situations. Schools might mail parents reports of how the
absences or tardiness of their children compares to that of other students.
A gym might inform its lazier patrons of how often typical members work
out. Employers might inform low-saving employees how much more their
peers are saving in the company 401(k) plan. Mutual fund complexes
might inform investors about how much other customers pay in fees are

14. Remarks of President Barack Obama on Clean Energy Jobs, March 5, 2010, Opower
offices, Arlington, Virginia, available at http://www.whitehouse.gov/the-press-office/
remarks-president-clean-energy-jobs. The Administration released a policy platform on
smart grid in June 2011 that cited to an earlier version of this working paper as evidence of
the potential of enabling more advanced feedback for energy consumers (White House 2011).
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on similar style mutual funds. As these preliminary examples show,
the area of peer comparison feedback is ripe for innovation and

experimentation.
Appendix A
(a) Last month you used less than average but 74% MORE than your efficient neighbors.

Your efficiency standing: GOOD. ©

EFFICIENT

MEIGHBORS 363 wwn®
Although you used less electricity than the average 4o
of your neighbors, you used more than your You
efficient neighbors. See the back of this report for
ALL NEIGHBORS 961

some personalized suggestions to help you save
even more energy and cost.

* A 100-Walt buls buming for 10 hours usss 1 kilowall-hour (KWH).

(b) In the last 12 months you used 113% MORE than your efficient neighbors.
At today’s rates this COSTS YOU ABOUT $533 EXTRA PER YEAR.

This means you have a great opportunity to save
energy and money in the future. 1,200

2007 2008 >~

The summer is a great time to focus on energy
efficiency because of the high cost of air
conditioning. You can reduce your home cooling
costs by replacing your AC filter, maintaining your
AC unit each year, and using fans.

AUG SEP OCT WOV DEC JAN FEB MAR APR MAY JUN JUL
KEY: W You B ALL NEWGHEORS [l EFFICENT NEGHBCORS

(c)

Action Steps | Personalized tips chosen for you based on your energy use and housing profile

Quick Fixes Smart Purchases Great Investments
Things you can do right now Save a lot by spendling a fttle Big ideas for big savings
[ Adjust the display on your TV [ Install occupancy sensors [ save money with a new clothes

New televisions are originally Have trouble remembering to washer
configured to look best on the tumn the lights off? Occupancy Washing your clothes in a
showroom floor—at a setting sensors automatically switch machine uses significant energy,
that's generally unnecessary for them off once you leave a especially if you use warm or hot
your home. room=—saving you worry and water cycles.
Changing your TV's display money. In fact, when using warm or hot
settings can reduce its power Sensors are Ideal for rooms cycles, up to 90% of the total
use by up to 50% without people enter and leave energy used for washing clothes
compromising picture quality. frequently (such as a family goes towards water heating.

Usa the “display” or “picture”
menus on your TV: adjusting the
“contrast” and “brightness™
settings have the most impact
on energy use.

Dimming the display can also
extend the life of your television,

SAVE UP TO

$40PER TV PER YEAR

room) and also areas where a
light would not be seen (such as
a storage area).

Wall-mounted models replace
standard light switches and they
are avallable at most hardware
stores.

SAVE UP TO

30"

Some premium-efficiency
clothes washers use about half
the water of older models, which
means you save money. SMUD
offers a rebate on certain
washers—visit our website for
more details.

SAVEUP TO

530"

Figure A1. (a) SMUD Sample Report, Narrative Template, (b) SMUD Sample Report,
Narrative Template, and (c) SMUD Action Steps Template.
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(a) November Neighbor Comparison | You used 28% MORE energy than your efficlent nelghbors,

.EEFFICIENT 1,450" ~ HOW YOU'RE DOING:
You 1,851 SR e
» |GooD ©
ALL HEIGHBORS 2,759
MOFE THAN AVERAGE

" This energy index combines sleciriclty (kKWh and natural gas (therms) into a single measurament.

(b) Last 12 Months Neighbor Compatrison You used 74% MORE energy than your nelighbors.
This costs you about $1,385 EXTRA per year.
L8
¥ Electricity | 70% more skectricity then your neighbars # Natural Gas | 77% moss natural gas than your neighbors

1,800 - - 2068 > i St - 2008 =

1,800 -

JeQeeQe=Dead®

DEC Jan FEB MAR APR MAY JUN JL AUG 587 OCT NOW DEC JAN FEE MAR APR MAY JUN L ALG SBP OCT MOV

Figure A2. (a) and (b) PSE Sample Report, Narrative Template.

Table A1. Mean Comparison of all SMUD Pretreatment Variables

Variable name Experiment Control Graphical Narrative #10 Envelop 6 x 9 envelop
n=384,557 n=49570 n=41,841 n=41,856 n=42276 n=41,851

House square foot 1737 1753 1742 1732 1731 1743

House age 35.73 36.92 35.79 35.66 35.62 35.83

Pool 0.21 0.22%** 0.21 0.21 0.20 0.21*

Spa 0.04 0.04 0.04 0.04 0.04 0.04

House value $213,584 $215,189 $214,336 $212,833 $212,478 $214,690

Gas heat 0.73 0.75 0.73 0.73 0.73 0.73

Account closed 0.08 0.07 0.07 0.08 0.08 0.07

Opt out 0.02 . 0.02 0.02 0.021 0.018*

Quarterly recipient 0.29 0.29* 0.29 0.29 0.29 0.29

kWh usage per day 31.95 31.65*  31.62 31.68 31.71 31.58
in 2006

Length of residence 14.03 14.29** 1411 13.94 13.99 14.06

Number at residence 1.93 1.93 1.93 1.94 1.94 1.93

Quartile 1 income 0.11 0.11* 0.11 0.11 0.11 0.11
group

Quartile 2 income 0.19 0.19 0.20 0.19* 0.20 0.19
group

Quartile 3 income 0.16 0.16 0.16 0.16 0.16 0.17
group

Quartile 4 income 0.23 0.23 0.23 0.23 0.23 0.23
group

(continued)

9102 0T I19quuada(J uo ANSISAIU() 9[E A I /310°s[ewnolpI10jx0-0a][//:dny woiy papeo[usmo(



Reducing Residential Energy Usage 1019

Table A1. Continued

Variable name Experiment Control Graphical Narrative #10 Envelop 6 x 9 envelop
n=384,557 n=49,570 n=41,841 n=41,856 n=42276 n=41,851

Age <24 (years) 0.00 0.00 0.00 0.00 0.00 0.00
Age 25-29 (years)  0.01 0.01 0.01 0.01 0.01 0.01
Age 30-34 (years)  0.03 0.03 0.03 0.03 0.03 0.03
Age 35-39 (years)  0.06 0.05 0.05 0.06 0.06 0.05
Age 40-44 (years)  0.07 0.07 0.07 0.07 0.07 0.07
Age 45-59 (years)  0.09 0.09 0.09 0.09 0.09 0.09
Age 50-54 (years)  0.100 0.096* 0.10 0.10 0.10 0.10
Age 55-59 (years)  0.093 0.089** 0.09 0.09 0.10 0.09*
Age 60-64 (years)  0.07 0.07 0.07 0.07 0.07 0.07
Age <65(years) 0.01 0.02 0.01 0.01 0.01 0.01
Age 65-69 (years)  0.05 0.05 0.05 0.05 0.05 0.05
Age 70-74 (years) 0.04 0.04 0.04 0.04 0.04 0.04
Age >75 (years) 0.07 0.07 0.07 0.07 0.07 0.08
January 2007 36.71 36.72 36.69 36.74 36.78 36.65
February 2007 33.10 32.95 33.04 33.17 33.13 33.08
March 2007 28.00 28.14 27.94 28.07 28.01 27.99
April 2007 24.67 2495 24,63 24.72 24.72 24.63
May 2007 25.44 25.89 25.39 25.49 25.50 25.38
June 2007 28.53 29.28 28.48 28.58 28.58 28.48
July 2007 36.92 37.32***  36.88 36.95 36.96 36.87
August 2007 36.80 3713 36.73 36.87 36.87 36.73
September 2007 37.78 38.01* 37.81 37.76 37.86 37.71
October 2007 25.70 25.63 25.68 25.72 25.78 25.62
November 2007 25.21 25.44** 25.15 25.27 25.28 25.14
December 2007 30.77 31.18**  30.69 30.86 30.79 30.76
January 2008 36.07 36.00 36.02 36.12 36.08 36.06
February 2008 32.81 32.75 32.75 32.87 32.87 32.76
March 2008 27.48 27.57 27.47 27.49 27.53 27.43
Affluence1 0.007 0.008** 0.01 0.01 0.01 0.01
Affluence?2 0.031 0.029* 0.03 0.03 0.028 0.034***
Affluence3 0.16 0.15 0.16 0.16 0.16 0.16
Affluence4 0.10 0.10 0.10 0.10 0.10 0.10
Affluence5 0.17 0.17 0.17 0.17 0.17 0.17
Affluence6 0.10 0.08 0.10 0.10 0.10 0.10
Affluence? 0.08 0.08 0.07 0.08 0.08 0.07
Affluence8 0.036 0.038** 0.04 0.04 0.04 0.04
Affluence9 0.03 0.03 0.03 0.03 0.03 0.03
Affluence10 0.0014 0.0007***  0.0018 0.0009**  0.00 0.00
Greenergy 0.09 0.09 0.09 0.09 0.09 0.09
Electric heat 0.27 0.25 0.27 0.26 0.27 0.27

*, **, and ***Significance at the 90%, 95%, and 99% levels, respectively.
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Table A2. Mean Comparison of all PSE Pretreatment Variables

Variable name Experiment  Control Monthly Quarterly
n=34,891 n=44,121 n=24949 n=9949

House square foot 2138.56 2139.99 2139.32 2136.68
House age 29.98 29.98 30.06 29.78
House value $345,046 $346,041 $345,874 $342,971
Account closed 0.02 0.02 0.02 0.03
Opt out 0.01 . 0.01 0.00***
Therms usage per day in 2007  2.50 2.50 2.50 2.50
kWh usage per day in 2007 30.31 30.26 30.23 30.50*
Quarterly recipient 0.29 0.25***
kwh/day use in...
October 2007 29.71 29.68 29.64 29.89
November 2007 33.29 33.24 33.28 33.46
December 2007 39.21 39.16 39.13 39.43
January 2008 35.68 35.58 35.58 35.93*
February 2008 32.68 32.61 32.60 32.89
March 2008 31.62 31.60 31.55 31.81
April 2008 29.26 29.25 29.19 29.41
May 2008 27.01 27.00 26.94 27.20
June 2008 26.98 26.98 26.91 2717
July 2008 26.16 26.16 26.09 26.33
August 2008 2714 27.20 27.06 27.34
September 2008 26.60 26.62 26.55 26.72
therms/day use in...
October 2007 2.45 2.45 2.45 2.45
November 2007 3.69 3.69 3.69 3.68
December 2007 4.63 4.63 4.64 4.61
January 2008 5.07 5.07 5.08 5.05
February 2008 3.95 3.94 3.96 3.94
March 2008 3.84 3.84 3.85 3.83
April 2008 3.07 3.07 3.07 3.06
May 2008 1.61 1.61 1.61 1.61
June 2008 1.37 1.37 1.37 1.37
July 2008 0.66 0.66 0.65 0.67***
August 2008 0.66 0.66 0.65 0.67**
September 2008 0.96 0.96 0.96 0.97

*, **, and ***Significance at the 90%, 95%, and 99% levels, respectively.
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