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1 Introduction

A central question in economics is how information influences consumer decisions. A
growing literature has demonstrated that consumers face information costs, such that
the simple conveyance of information can dramatically change behavior. Consumers re-
duce their use of mobile phone minutes when told they are reaching the next pricing tier
(Grubb and Osborne 2015), employees change their retirement plans when given infor-
mation on benefits (Duflo and Saez 2003), and residential households are influenced by
simple social comparison messages in their use of electricity and water (Allcott 2011b;
Ferraro and Price 2013; Allcott and Rogers 2014). Information provision interventions
often aim to influence behavior based on pro-social motives, pecuniary motivations, or
some combination.! For example, conservation appeals can reduce electricity use during
times of crisis (Ito et al. 2018; Reiss and White 2008), while Brandon et al. (2018) show that
social nudges can reduce peak electricity usage and Jessoe and Rapson (2014) show that
high-frequency electricity usage information increases price responsiveness during peak
events.

Based on this growing evidence, policymakers are often drawn to information-based
approaches as politically palatable ways to reduce residential electricity consumption
during critical peak times. From a political feasibility perspective, such information-
based approaches are advantageous in that they do not require changing prices the way
that dynamic pricing approaches do. However, dynamic pricing approaches, such as
critical peak pricing or real-time pricing, more directly align retail prices with wholesale
prices, but both information and pricing have the potential to allow demand to respond
during times when the social cost of electricity provision is very different than the retail
price. In this sense, both may be effective in improving the economic efficiency of electric-
ity markets (Borenstein and Holland 2005), and indeed the rational choice model implies

that full information is required for an optimal response to pricing (e.g., Rosen 1974).

Indeed, there is even a literature in behavioral economics on whether extrinsic incentives (e.g., external
rewards) crowd out intrinsic motivations (e.g., pro-social or altruistic motivations) (Gneezy et al. 2011)



In this study, we examine a field experiment in Austin, Texas designed to improve
our understanding of the consumer response to information and pricing in electricity
consumption.” There are two programs in our field experiment. A summer program tests
how information provision and conservation appeals compare to critical peak pricing
during 27 of the hottest days over two summers, when the wholesale price of electricity is
substantially above the retail tariff. An off-peak program tests for an asymmetric pricing
response and electric vehicle load-shifting by offering lower marginal prices of electricity
during the night in off-peak months, when the wholesale price of electricity is below the
standard retail tariff due to high production from West Texas wind facilities. A novel
feature of this study is that we not only observe minute-level electricity consumption,
but we also observe electricity consumption by key appliances, providing deeper insight
into the mechanisms underpinning the consumer response to informational and pricing
interventions designed to improve economic efficiency.

Our first major result is that informed consumers clearly respond to both increases
and decreases in the marginal price of electricity, but show minimal response to the pro-
vision of information or conservation appeals alone. Our critical peak pricing interven-
tion reduces electricity use by 14%. The informational interventions in our study are the
following: an online portal, a text message conservation appeal, and a text message with
suggestions for concrete actions. This finding of a minimal response to information no-
tably contrasts with previous literature. For example, Ito et al. (2018) and Reiss and White
(2008) demonstrates short-term effects of conservation appeals (moral suasion) in reduc-
ing electricity consumption during crisis periods. However, our empirical setting covers
typical summer days rather than times of crisis. It also differs from Brandon et al. (2018),
who show that pre-event phone calls, along with OPower social comparison home energy
reports and post-event phone calls, can lead to a 6.8% decrease in electricity use. Thus,
we view our results as suggesting that outside of crisis periods, price changes have the
potential to provide much larger reductions in electricity consumption than standard text

message or email information treatments, while more intensive information interventions

2In the nomenclature of Harrison and List (2004), our study is of a “framed field experiment.”
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may still be effective.

We also present evidence of a longer-run response to the pricing intervention that is
consistent with previous estimates of consumer learning via in-home devices (Jessoe and
Rapson 2014) and habituation to conservation appeals (Ito et al. 2018). The critical peak
period in our experiment runs from 4-7 PM, and we observe persistence in electricity
reductions in the two hours just after 7 PM, with the strongest effect in the 30 minutes
just after the end of the treatment. We further explore the possibility of habituation to the
pricing treatment, and find that the treatment effects dissipate somewhat over time across
the two summers of the experiment.

Another contribution of our paper is to provide the first well-identified evidence of
load-shifting from lower prices of electricity use at night, and to show that the source of
this load shifting is largely from electric vehicle owners programming their vehicles to
charge late at night. This result is new to the literature and holds promise for policies to
improve economic efficiency by lowering nighttime electricity prices. We find virtually
no evidence of load-shifting from changes in prices during critical peak periods, consis-
tent with the results in Allcott (2011a). Similar to Harding and Lamarche (2016), we find
some evidence of load-shifting for households with programmable thermostats, but the
load shifting due to electric vehicles far exceeds the load shifting from programmable
thermostats.

Our unique household appliance-level data provide a further contribution. We find
that 74% of the total response to the critical peak pricing experiment can be attributed to
changes in air conditioning use. For comparison, air conditioning constitutes 63% of the
load on average during event periods, so this is a greater than proportional response by
air conditioning. Aside from air conditioning, the response to pricing comes about from
a variety of sources and no other single source dominates. Taken in context of our results
showing that the treatment effects of pricing dissipate over time, this implies that the
pricing scheme is working on the intensive margin through effort, rather than influencing

households to adopt energy-efficient technologies. This result differs from the result in



Brandon et al. (2017) indicating that the majority of the effect of OPower Home Energy
Reports comes from adoption of new technologies.

The results of this study have several policy implications. Besides suggesting that
information-only interventions are less effective than pricing interventions during typi-
cal summer peak periods, they also provide new evidence of the effectiveness of reducing
prices during low wholesale price periods. We are unaware of any previous work per-
forming such an experiment lowering prices at night and the degree of load-shifting we
find demonstrates the effectiveness of this pricing policy. By showing that 74% of the
total response to critical peak pricing comes from air conditioning, our results also indi-
cate that critical peak pricing acts a substitute for automatic control of air conditioning,
indicating reduced effectiveness if the two policies are used in concert.

One key aspect of the field experiment is that it was conducted in an empirical set-
ting with a relatively high penetration of electric vehicles, and thus provides foresight
into a likely future in which the transportation sector and electricity grid are more closely
interlinked. This aspect also implies that some of the results, such as the off-peak lower-
pricing results, should not be directly applied to other neighborhoods today with much
lower penetration of electric vehicles, but will become increasingly relevant in the near
future. More broadly, we believe that our results provide useful insights for understand-
ing consumer behavior in similar neighborhoods throughout the south and southwestern
United States with similar hot days as in Austin, while they are less useful for areas with
very different climates and households.

The remainder of the paper is organized as follows. In the next section, we begin by
presenting our experimental design and hypotheses. Section 3 presents the data, along
with descriptive model-free evidence of the treatment effects. Section 4 provides our
empirical analysis and results and section 5 discusses the welfare implications of our

results. Section 6 concludes.



2 Research Design

2.1 Experimental Design

The two programs of our field experiment were conducted in 2013 and 2014 in Austin,
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Texas. The non-profit “Pecan Street, Inc.” is our collaborator and data provider.?> Pecan
Street has developed relationships with hundreds of households within the Mueller
neighborhood of Austin, Texas to monitor their energy use, much as a utility would mon-
itor energy use. Thus, the focus of our study is on the Mueller neighborhood, which we
will discuss in more detail below.

Pecan Street began recruiting households into the study in early 2013 using their pre-
existing Mueller neighborhood and Austin-wide e-mail lists. Households were told that
by enrolling they could save on their electric bills, and were provided a $200 sign-up in-
centive for participating regardless of their behavior. The recruitment e-mails also were
clear that there was no possibility of a loss (see Appendix A for the e-mail text). The
recruitment was highly successful and 280 households that agreed to participate were
included in the experiment.* All but 24 of the households in the study were from the
Mueller neighborhood. Thus, this study is akin to nearly all of the recent field experi-
ments on electricity consumption in being a randomized controlled trial for self-selected
participants (e.g., Wolak 2013, 2011; Jessoe and Rapson 2014; Ito et al. 2018). As such,
our research design assures internal validity of the study and we carefully discuss the
external validity of the study for proper interpretation of the findings.

The primary reason for the relatively small sample size is that all 280 households in
the study had appliance-level electric meters installed on major appliances and circuit-
level meters for rooms that did not have major appliances. For the 256 households in

the Mueller neighborhood, these were installed upon construction of the homes. For

3Pecan Street is an Austin-based non-profit affiliated with UT-Austin founded in 2008 dedicated to build-
ing a deeper understanding of energy and water use through systematic monitoring and measuring of
consumption behavior. See https://www.pecanstreet.org/about/ for more details on Pecan Street.

* Another 44 households from the Mueller neighborhood were also enrolled in a Nest experiment at the
same time through the same recruitment process, but we do not examine this treatment arm in this paper
in order to keep this analysis focused.



the 24 households elsewhere in Austin, these were installed upon participation in any
Pecan Street activity (all prior to this experiment). The 256 households in the Mueller

neighborhood were randomly assigned to one of five groups:

1. Control - 57 homes did not receive any treatment during 2013 and 2014. Like the

other groups, they also had appliance-level and circuit-level metering.

2. Passive Information - 44 homes were provided access to an online portal that tracks

appliance-level electricity use.”

3. Active Information - 46 homes were sent a text message appeal 24 hours prior to
every critical peak pricing event stating “A Pecan Street Project critical peak event

is taking place tomorrow from 4 PM to 7 PM.”

4. Active Information + Recommendation - 47 homes received the same text message
with one of three recommended actions: “Pre-cool your home,” “Reduce your air

conditioning usage,” or “Do not use your clothes dryer.”

5. Pricing - 62 homes faced critical peak pricing during the summer months (June-
September) of 2013 and 2014. They received a text message 24 hours prior to each
event stating “Tomorrow is a Critical Peak Pricing event. Your experimental electric
rate will be $0.64 per kilowatt hour from 4 PM - 7 PM. Pecan Street Inc. Pricing.”
During the months of March, April, May, November, and December, when whole-
sale prices at night are low, they received a text message 24 hours prior to the start
of the nighttime pricing stating, for example “Pricing Trial Reminder: November
and December are wind enhancement months.” The lower experimental price was

2 cents/kWh.°

SEach participant had access to an online portal. For the portal treatment group, this was the only treat-
ment. The portal displayed monthly whole home energy use in kWh, monthly energy costs in dollars per
appliance, energy generation cost in dollars if the participant had solar panels, real-time energy consump-
tion in kWh, monthly energy cost comparison to other participants within the same zip code, and monthly
energy usage trends.

®The pricing group received a text message one day prior to the beginning of each wind night pricing
month.



For the average customer, the Austin Energy summer (June-September) electric rate in
2013 was 11.4 cents/kWh and in 2014 was 12.1 cents/kWh. In the winter (October-May)
it was 8.7 cents/kWh in 2013 and 8.9 cents/kWh in 2014. Thus, the pricing trial led to
a substantially higher marginal price during the peak event periods and a substantially
lower marginal price during the night wind event periods.” Twenty-seven critical peak
treatment days occurred during the months of June through September 2013 and 2014.
All treated participants (i.e., the information groups and the pricing group) were sent an
e-mail upon their registration indicating that they could save money during peak times
by shifting laundry, dishwashing, and air conditioning usage to another time.

The randomization occurred once and was used for both programs of the field exper-
iment: the summer critical peak pricing program and the winter lower pricing program.
In effect, the households in the pricing trial had their wholesale tariffs moved closer to
wholesale prices in both the off-peak and summer months. The sample size of this exper-
iment is relatively small by necessity due to the cost and challenge of ensuring appliance-
level meters in all households, which is a critical part of the study. Fortunately, previous
work on critical peak pricing suggested reasonably large treatment effects, and thus we
had reason to believe that we would have sufficient statistical power.

One challenge in the experimental design is that only electric utilities have the ability
to change electricity rates. Pecan Street has a relationship with customers just like the util-
ity, but is not the actual utility, which is Austin Energy. Thus, to change the marginal price
for consumers, we followed the same approach as in several recent papers, including
Wolak (2006) and Gillian (2018). Specifically, Pecan Street set up a credit account for each
household in the pricing trial, which they could view on the online portal. The household
receives their usual electric bill from Austin Energy, but will also receive a modified bill
from Pecan Street. If the bill using the experimental critical peak pricing rate was lower
than participant’s Austin Energy bill, the difference is deposited in the credit account. If
the bill using the experimental rate was higher, the difference was deducted from the ac-

count. At the end of both pricing experiments in October 2014, participants were issued

7 Appendix A.1 includes more details on the Austin Energy rates and experimental rates.
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a payment.

We recognize that if there are behavioral biases, the effect of this payment scheme may
not exactly match the effects of critical peak pricing performed by the utility that directly
changes the single electricity bill. Pecan Street attempted to mitigate this as much as pos-
sible by communicating the critical peak prices in the text message and by emphasizing
in e-mail communications that the household’s true electric bill is the Pecan Street bill. At
the end of the experiment, 97% of the pricing participants had positive credits, implying
that they saved money from their actions under the experiment. The average payment
was $125.13 and the highest payment was $260, plus the $200 flat-rate participation pay-
ment that all participants in all treatment groups received (so the largest overall payment
was $460).® If households pay more attention to their credit balance than to the clear
guidance from Pecan Street on what their true electricity bill is, then it is possible that
a bias such as loss aversion could influence the results (Kahneman and Tversky 1984).
Such a bias would suggest that people who actually faced critical peak pricing, rather
than receiving the credit, would respond even more to pricing than the households in our
experiment.

There is one very useful aspect of the payment scheme we use. While it may not
exactly match critical peak pricing by the utility, it is also likely to be more politically
feasible than critical peak pricing, which often faces barriers in public utility commission
hearings. Some consumer advocate groups are opposed to critical peak pricing, for they
see it as another way to raise electric rates. By creating a higher marginal rate during
critical peak event periods through a credit account, households can only be made better-
off. As we will discuss in the welfare section, critical peak pricing lowers the cost of
electricity provision by shaving the peaks, so it is possible that there is a realized Pareto
improvement in this policy design (still second-best of course). Consumers are better off
from the compensation through the credit account, while at the same time there is an

improvement in economic efficiency from reducing peak electricity demand.

8Note that the payment was not until after the trial and generally participants in the experiment are
reasonably well-off, so do not anticipate weak separability with the level of income being violated.



Our experimental setting—the Mueller neighborhood of Austin-is a large neighbor-
hood of about 15,000 people in 5,100 single-family, condo, or apartment homes. In 1999
the Robert Mueller Municipal Airport was closed and planning began on the roughly
one-square mile plot for a mixed residential commercial, and retail development. The
development was designed to be mixed-income. The first homes were completed in 2008
and Pecan Street began that year with continuous monitors of electricity and water con-
sumption in the new homes. Allcott (2015) finds evidence of a “site selection bias” in the
effects of OPower home energy reports due to observable and unobservable character-
istics across different locations, and thus is is worth considering how representative the
Mueller neighborhood is of the city of Austin. In Appendix A, we compare Census de-
mographic data from 2014 for the Mueller neighborhood and the city of Austin (see Table
Al).

Our comparison of observables indicates that the Mueller neighborhood is quite sim-
ilar to the average in the city of Austin. In fact, the confidence intervals overlap in five
of the eight observables. There are some minor differences. Households in the Mueller
neighborhood are very slightly wealthier and better-educated than households in Austin
as a whole. Not surprisingly, because the homes are relatively new, the median home
value for owner-occupied housing units is higher than average in the city of Austin. How-
ever, the number of rooms in the homes is slightly smaller. While it is always impossible
to fully rule out site selection bias without performing multiple studies, the additional 24
households included from outside the Mueller neighborhood provide some further evi-
dence on the external validity to the rest of Austin. We are very cautious in extrapolating
our results too far beyond Austin, but believe that they provide useful information on
other settings in the south and southwestern parts of the United States that have similar

climates and demographics.



2.2 Hypotheses

The treatments in this study were designed to include passive provision of information
as well as increasingly active provision of information and pricing. As described in the
introduction, there is a broad literature showing that consumers respond to information
in a variety of settings. Several papers point out that simply providing access to informa-
tion about electricity consumption can influence consumer behavior. For example, Martin
and Rivers (2018) present evidence from a field experiment that providing an in-home de-
vice that gives households real-time feedback on electricity consumption and prices leads
households (who are already on time-of-use pricing) to reduce electricity consumption by
3%. Byrne et al. (2018) show heterogeneous effects of high-frequency feedback and peer
comparisons, with some households consuming less and others consuming more. Sev-
eral papers show that an in-home device can enhance the response to pricing (Martin and
Rivers 2011; Jessoe and Rapson 2014; Bollinger and Hartmann 2018).

This study uses an online portal to provide passive information-households must ac-
tively choose to look at the online portal on their computer or phone. A few studies
have used online portals along with other interventions aiming to influence electricity
use (Asensio and Delmas 2015; Bollinger and Hartmann 2018), but we are not aware of
any study that tests for the effect of an online portal itself. We view the online portal as
similar to an in-home device, but a more passive approach. Thus, a first hypothesis is that
there may be a modest response to providing consumers with access to an online portal.

There is more evidence directly related to our active information treatments for house-
hold energy consumption. For example, Ito et al. (2018) show that text message conserva-
tion appeals (focusing on intrinsic motivation) lead to conservation of energy during criti-
cal peak events in Japan during the time of the Fukushima Daiichi nuclear crisis, although
there is some habituation to this effect. Reiss and White (2008) show that broad-based
media campaigns led to conservation during the California electricity crisis. Asensio and
Delmas (2015) show reductions in electricity use from health and environmental-based

appeals for college students in a UCLA housing complex who had access to an online
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portal and received messages through this portal. All of this evidence suggests that a text
messages designed to make the event periods salient should reduce electricity consump-
tion.” Accordingly, our second hypothesis is that we will see a reduction in electricity use
from text message conservation appeals.

Further, there is growing work indicating that OPower Home Energy Reports, which
include a social norms message along with suggested concrete actions, can also reduce
electricity usage (Allcott 2011b; Allcott and Rogers 2014). While the work on OPower
does not disentangle the effect of these concrete actions from social norms, it seems rea-
sonable to expect that concrete recommendations in addition to text messages may not
only direct the energy conservation to certain appliances, but also lead to greater reduc-
tions in overall energy use. Hence, our third hypothesis is that when given text messages
along with recommendations of concrete actions, households will reduce electricity con-
sumption even more than simple text message conservation appeals, and the reductions
may even be directed at specific end-uses.

There is also a growing literature on the household response to different types of dy-
namic pricing in different settings. Harding and Sexton (2017) provide a recent review of
this literature. Key findings in the review are that households do tend to respond to crit-
ical peak pricing, especially when they are informed about it. But peak pricing demand
elasticities are generally low, with price elasticities around -0.1. Recent work by Gillian
(2018) and Prest (2018) further suggests that the price response may be quite insensitive
to the price change, so that the percent reduction in electricity consumption is similar
for large and small changes in the price. Explanations for this include households using
simplifying heuristics (e.g., noting a change in price, but not paying attention to the price
level) and households being partly inattentive. Our study does not focus on the response
to different price levels, but does examine a large price increase. Previous studies have
found that price increases of a similar magnitude lead to a reduction in electricity use

(Wolak 2006, 2013; Jessoe and Rapson 2014; Ito et al. 2018). Ito et al. (2018) also shows that

Brandon et al. (2018) show that phone calls along with OPower social norms mailings—a more active
intervention—can reduce electricity usage during peak periods.
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the response to price is much greater than the response to text messages in the Japanese
context. Therefore, our fourth hypothesis is that we will see a reduction in electricity use
from our critical peak pricing treatment, and that this effect will be larger than the effect
from information.

While there is substantial evidence available on critical peak pricing, there is little
evidence available to inform hypotheses about our night off-peak program part of the
experiment. There are plenty of estimates of price elasticities identified from variation
that includes both negative and positive price changes, so we might expect some change
in electricity usage. Of course, electricity use at night is different than electricity use in
the day. With nearly all appliances either off or running all the time (such as refriger-
ators), one might expect a very inelastic response at night. Yet many previous studies
did not involve homes with programmable thermostats and electric vehicles that can be
programmed to charge at different times. As mentioned above, Harding and Lamarche
(2016) find load shifting from households with programmable thermostats, suggesting
that we should expect to see some changes in electricity use. Thus, our final hypothesis is
that the low price treatment will lead to some load shifting from daylight hours to night

hours, improving economic efficiency.

3 Data and Descriptive Evidence

3.1 Data

The primary outcome variable in our study is electricity consumption. We have unique
minute-appliance-level electricity consumption data for each household from March 2013
through October 2014.1° Appliances that are separately metered include HVAC and other
air conditioning units, refrigerators, electric vehicle chargers, clothes washers and dryers,

dishwashers, ovens, and electric water heaters. In addition to the separate appliances,

19 Asensio and Delmas (2015) is the only other paper we are aware of using minute-appliance-level elec-
tricity consumption data for a large sample of households; however, their sample consists of UCLA students
in a housing complex, rather than the residents of a neighborhood.
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circuit-level meters are also included when there are circuits for specific rooms. For ex-
ample, there are readings for bedrooms, kitchens, and bathrooms. Our data also contain a
variable for total electricity consumption, which may include some electricity usage that
is not individually metered. There are roughly 200 million observations in our dataset.
Before performing any analyses, we conduct some minor data cleaning (see Appendix
B.1 for details).

Table 1 presents a summary of electricity usage data by period: summer (June-
September), non-summer (all other months), and the summer critical peak pricing peri-
ods. We have minute-level data in units of kWh per hour. In Panel A we divide observed
appliance-level electricity consumption into two broad categories: adjustable consump-
tion and unadjustable consumption. Adjustable consumption refers to sources that are
likely to be easily switched up and down. For example, air conditioning, clothes washing
and drying, etc. In non-summer periods, this is just under 40% of electricity consumption
on average, but it increases to 58% of consumption in the summer and 73% of consump-
tion during event periods. Unadjustable consumption refers to sources that run all the
time, such as refrigerators. In non-summer months, this makes up 8% of consumption,
but it drops to 5% in the summer months and to 4% during event periods. As mentioned
above, not all electricity usage is individually metered. Thus, we have a third category for
unmeasured electricity consumption, which is equal to the total electricity consumption
minus the sum of the measured consumption. In non-summer months, this is over 50% of
consumption, as might be expected due to the many small appliances in a typical house-
hold (e.g., computers, phone chargers, hair dryers, electric tools, etc.). In summer periods,
this drops to 37% and in event periods it drops further to 23%. The three categories sum
up to 100%.

In Panel B of Table 1, we include four of the most important individually metered uses.
For context, not all households have each of the uses (although each use is metered when
houses have it) and these averages are taken over all households in our sample. Nearly all

households have heating and cooling technologies individually metered. In the winter,
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this is primarily natural gas heating, with electricity used to run the fan. In the summer, it
is all air conditioning. The data contain consumption for central air conditioning as well
as window units, and we aggregate these together into a single “AC” variable. We see
that in the non-summer months, heating and cooling constitutes 16% of electricity use,
while in the summer months it constitutes 45% of electricity use, and during event days it
reaches 63% of electricity use. In contrast, washers and dryers constitute 3% of electricity
use in the non-summer months, and less than 2% during the summer or event days.
These summary statistics provide a glimpse into the unusually rich nature of our data and
illustrate how heating and cooling are the most important electricity service demands. For
the 36% of households in the pricing and treatment groups that have electric vehicles, the
percentage of EV electricity consumption (by minute) is 5.7%.

Next, we examine the balance of observables between the control group and the treat-
ment groups to assure that our randomization was carried out effectively. For this, we
relied on a survey of all households performed at the beginning of the experiment. Of the
280 households in the experiment, we received survey responses from 162 households.
Table 2 displays the balance of observables between households in the control group and
households in the treated group (see Appendix B.2 for the breakdown by each treatment).
With the exception of the number of children under 18, there are no statistically significant

differences between the control and treatment groups.!!

3.2 Descriptive Evidence

Before moving to our empirical analysis, it is useful to first examine model-free evidence
of the treatment effect. Figure 1 presents electricity usage by minute on average for all
non-event days in our sample stratified by treatment group. Each figure shows the control
group and one of the treatment groups. Panel (a) shows usage for the portal group, Panel

(b) for the text message group, Panel (c) for the text message and suggested action group,

11See Appendix B.3 Table A.7 for further summary statistics on electricity consumption.
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and Panel (d) for the pricing group.'? For reference, the event day treatment period is
shown by the shaded areas, although these figures cover only non-event days, i.e., there
is no treatment occurring. For each of the panels in Figure 1 there is no clear difference
between the treatment and control. We also perform a series of statistical tests, and cannot
find an hour of the day where there is a significant difference between the treatment and
control.’® This further reassures us that the randomization in our experiment is valid.

Figure 2 presents the same figures for critical peak event days only. Again, there are
four panels, each representing one of the four treatments. A first clear finding from Figure
2 is that for all but the pricing treatment, there is very little difference in electricity con-
sumption between the treatment and control. This is true both during treatment hours
and in non-treatment hours. In fact, for all but the pricing treatment, simple statistical
tests show no significant differences for any hour of the day. However, for the pricing
treatment (Panel (d)), we see a large reduction in electricity usage during the treatment
hours. Looking at the mean during the treatment period, this amounts to about a 20%
reduction in usage. Notably, this reduction also appears to continue for a couple of hours
after the end of the treatment period, suggesting that it takes consumers some time to
re-adjust their electricity usage after the treatment period (e.g., by turning their air condi-
tioners back on).

These results corroborate the hypotheses that the treatment effect from the online por-
tal is minimal. However, we were surprised to also see a minimal effect from the other
information treatments. Together, these figures indicate consumers do not significantly
respond to information alone during normal peak period events. In contrast, we see a
substantial difference between the pricing treatment group and control group, consistent
with our fourth hypothesis.

Figure 3 focuses on the critical peak pricing trial, and takes advantage of the

12All panels present the residuals of a regression of electricity consumption on house fixed effects to
cleanly focus on the variation we are interested in between the treatment and control.

BSpecifically, we perform two-sided t-tests, and cannot find a significant difference (at the 10% level)
for any hour for any of treatments. The closest is midday for the pricing treatment, but even this is not
statistically significant.
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individually-metered appliance data, to present air conditioning use on event days for
the pricing trial relative to the control trial. What is most remarkable about this figure
is that it almost exactly mirrors Panel (d) of Figure 2. The treatment group and control
group AC use appears to follow a nearly identical trend prior to the treatment period,
followed by a large decline in the treatment group AC use during the treatment period,
and this decline extends for approximately two hours after the treatment period. This
descriptive evidence immediately indicates that air conditioning is playing an important
role in the electricity reductions in the pricing treatment.

Figure 4 presents descriptive evidence from the off-season low-pricing experimental
program, which provides initial corroborating evidence for our final hypothesis. In Panel
(a) we show the mean electricity consumption for the treatment and control groups dur-
ing the wind treatment months. This panel shows a dramatic and impressive degree of
load-shifting for the treated group. Relative to the control group, the treated group ob-
serves a substantial increase in electricity consumption during the early morning hours
(prior to 5 AM), followed by a substantial decrease in electricity consumption in the day-
light and evening hours. As most households are not awake during the early morning
hours, this almost certainly must come about from programmable electricity uses.

To provide a deeper insight into the mechanism behind these results, Panel (b) of
Figure 4 shows electric vehicle electricity use for those households that have electric ve-
hicles in either the control or treatment group. Households with electric vehicles in the
control group display an increase in charging in the evening hours (when people return
home from work) and a spike in charging at 10 PM, which is possibly the result of some
households programming their electric vehicles to automatically charge at 10 PM. In the
treatment group, we see a very strong pattern of load-shifting, with much of the electric
vehicle charging occurring just before 5 AM, rather than in the evening hours. This is
consistent with households programming their electric vehicles to finish charging by 5
AM (choosing a time to finish charging by is a standard option in electric vehicles).

This pattern of a price-induced electric vehicle load shifting towards the early morning
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hours when wholesale electricity prices are low and away from the evening hours when
prices are high is to the best of our knowledge a new result. It holds great promise for
pricing strategies to improve economic efficiency in a transportation system reliant on
electric vehicles. When we examined other appliances or households that did not have
electric vehicles, we found only very modest evidence of effects. For example, when we
examined households that did not have electric vehicles, there is only a modest increase
in nighttime electricity use and a modest decrease in evening electricity use, and this

appears to be largely driven by heating (see Appendix C).

4 Empirical Analysis and Results

The descriptive evidence presented above provides a strong indication of a treatment ef-
fect from pricing, but little or no effect from the information treatments. This section
more formally examines the average treatment effect of the critical peak pricing experi-
ment using an econometric analysis, explores spillovers and mechanisms, and examines

the second nighttime field experiment.

4,1 Summer Event Treatment Effects

We set the stage for our analysis by noting that even in the raw data, there is a statistically
significant difference in means between the critical peak pricing treatment group and con-
trol group during the event periods. The critical peak pricing treatment group displays a
reduction in electricity use of 0.38 kWh per hour during the event period (a 14% decrease),
and a two-sided test of this difference in means has a p-value of 0.000. This provides initial
statistical evidence supporting the fourth hypothesis that households respond to changes
in peak period pricing.

We next move to a formal econometric analysis. We estimate the average treatment
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effect (ATE) for all treatments j using the following linear equation:

Yi = Z BTy + Xy + pi + d(t) + cu, (1)
J

where Y}, is the electricity usage by household ¢ in minute of the sample ¢. T;;; is
a dummy variable indicating that household i is in treatment group j and receives the
treatment in time ¢ (i.e., it is an event hour on an event day and the household is treated).
pi are household fixed effects to control for unobserved heterogeneity at the household
level. ¢(t) is a quarter-hour of the sample fixed effect (i.e., fixed effects for each 15 minute
interval of the sample) to control for time-specific demand shocks.!* X is a vector con-
taining any remaining interactions not subsumed by the fixed effects (e.g., it is an event
day and the household is treated with one of the treatments, or it is a peak time and the
household is treated).

Our empirical specification in (1) can be viewed as a triple-differences specification in
that it exploits variation across treatment and control, across critical peak days and non-
peak days, and across treatment and non-treatment hours. Identification fundamentally
relies on the randomization of the field experiment, but further benefits from comparing
differences in trends in the triple-difference. We cluster standard errors at the household
level to account for any pattern of household-level correlation across the residuals.!

One question this specification raises is whether there may be spillovers or load-
shifting from event hours to non-event hours on an event day. Figure 2 shows a modest
reduction in electricity use in the hours just after the event period ends for the pricing
trial. Thus, in our preferred specification, we drop the two hours prior to the event pe-

riod and the two hours after the event period. It turns out this has very little effect on our

14We thank Severin Borenstein for suggesting quarter-hour fixed effects.

>Multiple hypothesis testing (MHT) is a potential concern in all empirical work, and occasionally
economists have begun adjusting for it. The statistical significance stars in our tables are based on stan-
dard tests, but we also use the Bonferroni MHT correction procedure to adjust the p-values in all of the
models run in this paper, and find very few changes. All of the statistically significant coefficients in the
CPP trial remain statistically significant with little change in the stars. We lose somewhat more signifi-
cance in the off-peak pricing trial, but the wind trial hour-specific results still show statistically significant
treatment effects in some hours.
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estimates.®

Column (1) in Table 3 presents our main results from estimating Equation (1). Rela-
tive to the control group, the results show no statistically significant effects for the online
portal, text message, and text message + recommendation treatments, consistent with
our descriptive evidence and the simple evidence from our t-tests.!” This supports our
tirst hypothesis, but does not support the second and third. The pricing treatment re-
duces electricity use, consistent with our fourth hypothesis. Our coefficient estimate indi-
cates that pricing reduces event period electricity use by 0.39 kWh per hour. The average
hourly electricity consumption during the event hours for the control group is 2.79 kWh
per hour, so this can be seen as a 14% decrease in electricity consumption, just as in the
raw data. For comparison, this decline in electricity consumption is equivalent to $8.57
per event or $231 across the 27 event periods.

Columns (2) and (3) of Table 3 replace Y}; in (1) with electricity use from major cate-
gories, as previously defined in Table 1. Column (2) shows that the reduction in electricity
consumption from adjustable uses across treatments is very similar to the total reduction

in column (1).1®

Again, we see no statistically significant effect for any of the information
treatments. The treatment effect for pricing is almost identical in columns (1) and (2),
suggesting that the reduction in electricity usage can be attributed entirely to adjustable
uses. Column (3) presents the results for non-adjustable uses, and it shows no statisti-
cally significant effects for any of the treatments, as would be expected by definition of
this category of uses."

Column (4) of Table 3 focuses on what we find to be the most important electricity use:

air conditioning. As we showed in Table 1, air conditioning comprises 63% of electricity

16We also explore other subsamples of the data, such as removing the day before and after a treatment
day when one might be worried about spillovers. We find no perceptible differences in results.

7Clustered standard errors may be somewhat conservative, so we also use Newey-West standard errors
(with 60 lags based on the common 0.75 x T(1/3) rule of thumb, where T is the number of time periods).
We find no notable changes in the statistical significance.

18Adjustable uses include all monitored lights, bathroom use, bedroom use, clothes washer use, dryer
use, dining room use, dishwasher use, kitchen use and kitchen appliance use, and office use.

“The results for the “unaccounted” electricity use are similar to those for the non-adjustable category,
with no statistically significant effects (See Appendix D.1)
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use during event days and is an adjustable electricity use, so one might expect much of the
response to be from this use. Indeed, the results in column (4) show a reduction of 0.29
kWh per hour from air conditioning usage alone for the pricing treatment group. This
result, along with the result for all electricity use, suggests that air conditioning makes up
74% of the reductions in electricity use, a slightly greater percentage than the percentage
of electricity use from air conditioning on event days.

Appendix D.1 presents the results for other major electricity uses, including use from
electric vehicles and unaccounted-for uses. For several other major uses, including elec-
tric vehicles, we find a negative coefficient, but we do not have sufficient power to to
precisely estimate the coefficient. We view these results as indicating that the non-air
conditioning reductions stem from many different electricity uses, with no single other
use dominating. As before, the information treatment groups show no statistically sig-
nificant treatment effects. These findings highlight the importance of air conditioning for
the response to critical peak pricing in hot climates like in Austin, Texas.

Economists are often interested in calculating the price elasticity of demand for elec-
tricity use. In our context, it is possible to calculate the price elasticity at the mean for
the pricing trial. For overall electricity use, the price elasticity of electricity demand is
-0.03 (with a standard error of 0.01 using the delta method) and for air conditioning use
only it is again -0.03 (with a standard error of 0.007). However, we view these elasticities
very cautiously. There is evidence from two recent papers that the price elasticity of elec-
tricity use during critical peak pricing or time-of-use pricing may vary with the level of
the price change (Gillian 2018; Prest 2018).% The intuition for this finding is that critical
peak pricing is salient to consumers, leading them to make changes to behavior, but in
many cases, the changes in behavior do not depend on the magnitude of the price change.
For instance, a consumer might be led to turn down air conditioning nearly as much for a
price increase of 10 cents as a price increase of 20 cents—it is the act of remembering to turn

down the air conditioner that matters the most. Thus, we interpret our -0.03 elasticity as

2Unfortunately, our experiment was run and completed before these working papers came out, so we
are unable examine the effect of different price changes in our critical peak pricing.
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the price elasticity of electricity consumption for the roughly $0.64 - $0.12 = $0.52 per kWh
change in effective marginal price in our experiment, and our results do not speak to how
the price elasticity might differ for different marginal price changes. However, this price
elasticity of -0.03 is slightly smaller than the commonly estimated elasticity of -0.1 (e.g.,
Tto 2014).

We perform a series of robustness checks to confirm the above results (See Appendix
D.1 for details). For example, we exploit different sources of variation and find that our
results are quite robust. We also examine the results using 15-minute-level data instead
of minute-level data, and find nearly identical results. We further examine the behavior
of the pricing treatment group on non-event hot days above 90° F to confirm that house-
holds are responding to pricing and not just the hot day (for an altruistic reason perhaps).
This can be thought of as a placebo test. We find statistically insignificant results, with a
coefficient on the treatment of -0.14 and a standard error of 0.09.

We next explore a robustness check where we replace the control group in our esti-
mations with the smaller control group of 24 households elsewhere in Austin. We find
similar results, although of slightly smaller magnitude (see Table A.9). This last robust-
ness check with the Austin-wide control group suggests that our results likely have at
least some external validity beyond the Mueller neighborhood. Finally, we limit the sam-
ple to households with similar demographic characteristics to Texas more broadly. We
estimate our primary specification on this subsample to explore external validity relative
to the rest of Texas (based on observables). Despite a reduction in sample size, the results

remain consistent (see Appendix D.2).

4.2 Spillovers and Habituation

Figure 2 above provided suggestive evidence of a spillover reduction in electricity usage
just after the event period in response to the peak pricing treatment. It is also possible
there is load-shifting just prior to the event period. We can quantify such spillovers by

examining the half hour just before and after the event period. We focus on the pricing
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experiment, and thus we only include the pricing and control groups in this estimation.

We run the following linear regression:

Y, = Z BP"Pre;j, + BdDur’mgit + Z ﬂp"“Postiﬁ + Xy + pi + o(t) + €, (2)

J J

where Y, is again electricity consumption for household ¢ in minute ¢, Pre;; is a
dummy variable for household 7 during a 30 minute increment j of the 3-4 PM pre-event
period on event days, During;, is a dummy variable for household ¢ during the event
hours of 4-7PM on event period days, and Post;;; is a dummy variable for household
during a 30 minute increment of the 7-8 PM post-event period on event days. The vari-
ables p; and ¢(t) are household and quarter hour of the sample fixed effects as in Equation
1. X is again a vector containing any remaining interactions not subsumed by the fixed
effects.

Table 4 shows the results of estimating Equation 2 for total electricity consumption
and air conditioning electricity usage. The coefficients on the pre-period variables are
positive, but are small and not statistically significant. As expected, the coefficients on the
event period are nearly identical to our primary specification. What is more notable is that
the coefficients on the post-event period dummies are statistically significant, consistent
with the graphical evidence in Figure 2. These coefficients suggest a 0.23 kWh per hour
decrease (7.7% decrease) in electricity use in the 30 minutes just after the end of the event
period, which is almost half the size of the treatment effect during the event period. We
see a somewhat smaller effect 30 minutes to one hour after the end of the event period.
We also see a similar result for air conditioning use only. These findings are consistent
with households being slow to turn their air conditioners back on just after the end of the
event period, in contrast to the load-shifting leading to increasing electricity usage found
in Harding and Lamarche (2016).

The idea that households may change their behavior over time in response to the same
stimuli is well-grounded in the recent empirical literature (Allcott and Rogers 2014; Ito

etal. 2018, e.g., ). We explore the possibility of habituation by examining how the primary
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treatment effects of the pricing trial change over time, from the first event month-June
2013-to the last event month-September 2014.

Table 5 presents these monthly results. Columns (1) and (2) present the results for 2013
and 2014 for total electricity consumption, while columns (3) and (4) present the results
for 2013 and 2014 for air conditioning electricity consumption. Comparing columns (1)
and (2) reveals a dramatic difference between 2013 and 2014. While the signs of the co-
efficients are negative for both years, the reductions in total electricity consumption are
much greater in 2013, the first year of the experiment. In fact, for most months in 2014,
the treatment effect coefficients are all closer to zero than the coefficients for the same
months in 2013, and only the coefficient for September is statistically significant (p-value
< 0.1). We see a parallel finding for air conditioning usage in columns (3) and (4), in that
the air conditioning reduction is substantially lower in 2014 than 2013, and several of the
differences for a given month across the two years are statistically significant.?!

These results strongly suggest some habituation to critical peak pricing, a finding that
is only possible due to our research design that covers multiple years. Such habituation
has important policy implications, as it suggests that the conservation that can be ex-
pected from critical peak pricing may decline over time. However, we also show that
there is still a reduction in electricity use even at the end of the second year. To the best
of our knowledge, these findings about habituation and continued long-run reductions
from critical peak pricing are new to the literature. Previous work has suggested that
social norm messaging can continue to have an effect even if used periodically over a
relatively long period of time (Allcott and Rogers 2014), which suggests that for critical
peak pricing to have a longer term effect, one would want to find new salient approaches
to keep household’s attention.

Looking across months, we see the strongest responses in June and September, de-
spite the fact that there are fewer event days on these months. This is true for both total
electricity consumption and air conditioning. One hypothesis for this finding is that the

beginning and the end of the trial in each year are the most salient to households. We

Zn Appendix Table A.8, we show that 2013 and 2014 were similarly hot summers on average.

23



cannot confirm this hypothesis, but we can note that the effects by month do not appear
to necessarily match with the hottest summer months (see Appendix Table A.8), which
effectively rules out one other alternative hypothesis; namely, that consumers are less
responsive in July and August because they feel a greater need for cooling during the

hottest months.

4.3 Further Evidence on Mechanisms

Our rich data allows us to provide some further evidence on the mechanisms underpin-
ning our results. We have already shown that 74% of the reduction in electricity use
is from consumers turning down their air conditioner, demonstrating that the primary
mechanism is air conditioning. This raises several additional questions. For instance,
we showed evidence of continued reductions after the event periods that dissipated over
time. One might similarly wonder whether households pre-cool homes in the hour just
prior to treatment. Alternatively, it might be the case that homeowners in the pricing
group leave the house altogether in response to treatment or turn down appliances while
they are home.

We first examine evidence of pre-cooling. Recall that Table 4 showed no notable effect
of pre-event period effects for the pricing group. To examine this more closely, we esti-
mated Equation (2) separately for days with a “pre-cool your home” message and days
with other messages message for just the sample of the text message + recommendation
group and the control group. We find an increase in air conditioning consumption of 0.15
kWh per hour (p-value < 0.1) on the pre-cool days for the text + recommendation group
(see Appendix D.3). We see this as suggestive evidence of very modest load-shifting in
response to the message, consistent with our third hypothesis, even though we do not
tind evidence of a statistically significant decrease during the treatment period.

We next examine whether households are actually home during the event periods, as
one mechanism for conservation is that people may leave their homes during the event

period. The Pecan Street survey indicates that 63% of the responding households have at
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least one member that works from home (this includes stay-at-home parents). This alone
suggests that at least some of the households are likely to be at home during the event
periods. We explore this further by comparing non-air conditioning adjustable appliance
usage on event days and similarly hot non-event days.”? We find almost identical elec-
tricity usage for these adjustable end uses, ruling out that people leave their homes due

to the high price event (see Appendix D.4).

4.4 Night Low-Pricing Treatment Effects

Our field experiment complements the summer pricing program with our off-peak night
program, where households who were randomized into the pricing treatment group re-
ceive a text message at the beginning of each off-peak month (March, April, May, Novem-
ber, December) letting them know that their effective price from the hours 10 PM to 6 AM
is $0.0265 per kWh for that month.? All households have programmable thermostats and
it is also possible to program electric vehicles to be finished charging by a certain hour.
Figure 4 provides descriptive evidence of substantial load-shifting from daytime hours to
night hours, with electric vehicles being the dominant load shifted.

We now run an econometric analysis to estimate the average treatment effect. We
begin by examining the effect during day hours versus night hours. Here we only include
households in the pricing treatment and control group and we only include the off-peak

months in our sample. We estimate the following linear equation:

Yii = ZﬁhTiht + pi + G(t) + s, 3)
3

where Y}, is again electricity usage by household ¢ in minute ¢, T}, is a dummy for
being a treated household during the hour of the night h, where h is each hour over

the night from 10 PM - 6 AM (or an average over several of the hours). As before, p;

2ZNon-air conditioning adjustable appliance usage includes lights, bathroom use, bedroom use, clothes
washer use, dining room use, dishwasher use, dryer use, kitchen and kitchen appliance use, living room
use, and office use.

ZRecall that off-peak prices were between 8 and 9 cents/kWh in 2013-14.
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are household fixed effects, and ¢(t) are fixed effects for each 15-minute interval in the
sample.

For ease of presentation, in Table 6 we present coefficients for two four-hour time
frames of night hours: 10 PM -1 AM and 2 AM - 5 AM. The choice of these time frames
was motivated by Figure 4. Column (1) presents the results for all electricity uses, column
(2) for electric vehicles, and column (3) for heating.

Consistent with our final hypothesis, we find an average increase in total electricity
consumption in the 2AM-5AM off-peak hours of 0.13 kWh per hour (p-value < 0.1). This
is a large increase, but it is even more dramatic if we examine the increase by hour. For
example, between 3 AM and 4 AM, we see an increase of 0.19 kWh per hour (p-value <
0.05). There is also a statistically significant effect for the hours 2AM - 3AM that is similar
in magnitude to the effect for 3 AM to 4 AM. Table A.14 in Appendix D.5 presents the
results by hour.

Table 6 also shows the results for electric vehicles (column (2)) and heating (column
(3)). The coefficient in column (2) indicates that 85% of the overall increase in electricity
consumption during the night off-peak hours is from the charging of electric vehicles,
highlighting that electric vehicles have great potential for managing electricity load. As
electric vehicles become more common, this finding suggests that night low pricing will
be increasingly valuable to improve economic efficiency by encouraging households to
shift the charging of electric vehicles to low-cost hours. With “vehicle-to-grid” use of
electric vehicle batteries for grid management, it is possible that the potential to improve
economic efficiency will be even larger in the future. The heating results in column (3)
are not statistically significant and are close to zero. This emphasizes that electric vehicle

charging is the primary driver of our wind trial results.

5 Welfare Implications

The results above have important welfare implications and this section briefly explores

these implications with illustrative calculations. The welfare gains possible from sum-
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mer critical peak pricing and off-peak low-pricing stem from the large deviation between
marginal social costs and retail prices during these hours. For example, a recent article
in Forbes pointed to wholesale electricity rates in ERCOT (the electric market for most of
Texas) as high as $4,000/MWh ($4/kWh) in some locations on July 18, 2018.** This is a
remarkable contrast from residential electricity prices (in 2013 of 11.4 cents/kWh and in
2014 of 12.1 cents/kWh).

During our two summers, the highest average wholesale price in ERCOT in 2013 and
2014 was $740/MWh.* Assuming ERCOT is a competitive market and drawing esti-
mates of marginal damages of air pollutants from Nick Muller’s AP2 model and average
marginal emissions factors (Holland et al. 2016), we calculate illustrate welfare gains (see
Appendix E for calculation details). With a utility marginal cost of generation $740/MWh
and our calculation of marginal damages of $25/MWHh, the marginal social cost of gener-
ation is $765/MWh or 76.5 cents/kWh. This is greater than the experimental price of 64
cents per kWh and much greater than the Austin Energy price (we use 12 cents per kWh
for simplicitly).

We find that for each summer peak event period, the average social welfare benefits
per peak day are $1.20 per household. Over all 27 peak event days, this amounts to $32.38
per household. Extrapolated to all of the households in Austin, the average gains over
all 27 peak days would be $11.7 million if all of Austin were to adopt the experimental
price and respond the same way. While we may want to be cautious of extrapolating too
far, if we extrapolate to all of Texas the social welfare gains are $239 million. Most of the
welfare gains are from mispricing; only about 2% of the gains are from reduced external
costs.

The social welfare gains are accompanied by a reduction in consumer surplus, both

from the reduced consumption and the transfer from consumers to the utility (prior to

%SGee https://www.forbes.com/sites/joshuarhodes/2018/07/19/
texas—electric—grid-sets—new-system-wide—-all-time-peak-demand-record-twice.

5The data source can be downloaded from http://www.ercot.com/gridinfo/load/load_
hist/. Note ERCOT covers all but a small part of Texas and it includes Austin. The average whole-
sale price on event days is lower, but this illustrative calculation focuses on potential benefits, as wholesale
prices have been continuing to rise. See Appendix for more detail.
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compensation). Per household over the 27 event days, this transfer amounts to $101 and
the total loss in consumer surplus is $109 on average. In our experiment, households were
compensated on average $125 (plus a $200 participation bonus). The utility reduces costs
by about $40 per household over the 27 event days from reducing the amount of electricity
that is ‘bought high and sold low,” and the utility would receive the $101 transfer as well
if the utility ran the program. This exceeds the $125 compensation on average, suggesting
a potential Pareto improvement.?

Note the $125 compensation also covers the wind experimental program. However, in
our calculations, the social welfare gains from the experimental wind price are relatively
small at $2.36 per household over all of the wind periods. Extrapolated to Austin, this
would imply a gain of $851,000. Further extrapolating to Texas implies a gain of $17
million. These much smaller values are due to the smaller differences between the actual
retail and experimental prices and the night marginal social cost (marginal damages are
larger at night). However, the gains still exist and may be much larger in a future with

many more electric vehicles.

6 Conclusions

This paper examines a field experiment with two complementary programs examining
information and pricing approaches to induce a household response to changes in the
marginal cost of electricity or changes in information. The first experimental program
increases the marginal cost of electricity during summer peak event hours and also tests
several information programs designed based on the academic literature. The second
experimental program reduces the marginal cost of electricity during off-peak times when
abundant wind generation in Texas drives the wholesale price of electricity down. Both
are designed to improve economic efficiency by more closely aligning the retail price with

the social cost of electricity provision. We also shed light on the mechanisms, using our

2This ignores the participation incentive, but if critical peak pricing was mandatory and did not involve
appliance-level metering, there would be no need for a participation incentive.
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unique appliance-level data to provide the first evidence we are aware of on the large
contribution of air conditioning to the critical peak pricing response.

While our results suggest that pricing may improve economic efficiency, we find very
little evidence of a consumer response to our information treatments. We tested access to
an online portal, a text message conservation appeal, and a text message conservation ap-
peal along with a concrete recommendation, none of which led to a noticeable treatment
effect. We view this null result as an indication that conservation appeals may be useful
during times of crisis (Reiss and White 2008; Ito et al. 2018), and perhaps effective along
with phone calls and social norms approaches (Brandon et al. 2018), but during normal
summer days, such approaches alone are less likely to be effective. Indeed, some of the
only evidence of an effect we found was a modest increase in electricity use prior to the
event period when the text message reminder included a recommendation to “pre-cool
your home,” but this came along with no discernable change in electricity use during the
event. One of the more important results of this study is that it is the first to demonstrate
the potential for electric vehicles to load shift later into the night, effectively showing
that an electric vehicle charging supply curve exists that may be used by utilities or other
for-profit aggregators.

The experiment was performed on a heterogeneous neighborhood in a hot climate
where many households were interested in solar energy and electric vehicles. We do not
claim external validity to the entire United States. Indeed, it would be useful to perform
a similar field experiment in other parts of the country. We believe that our results shed
light on the effects one might expect for similar neighborhoods to the Mueller neigh-
borhood throughout the South and Southwest of the United States. As electric vehicle
penetration increases, our findings on the substantial potential for electric vehicle charg-
ing load shifting using a night low-pricing scheme will become increasingly relevant for
greater parts of the country. From a policy perspective, it is useful to know where we are
heading in the near future.

Our experiment also compensates households to participate in the pricing trials, and
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thus it should not be interpreted as identical to a utility-run pricing program. However,
our results provide evidence of a household response to pricing that is relevant for un-
derstanding utility-run programs. Importantly, the results indicate that utilities could
improve economic efficiency by instituting critical peak pricing. If designed carefully,
there may even be a realized Pareto improvement, in which consumers are compensated
for their lost consumer surplus while utilities also gain. Such compensation may also help
build political support. Given the difficulty in implementing real-time pricing for house-
holds, which would unquestionably bring in even larger welfare benefits, this approach

may be a more feasible second-best approach to improve economic efficiency.
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Tables & Figures

Table 1: Use By Major Category (Percent)

Variable Non-Summer Summer Event Period
Panel A: Use by major category

adjustable 39.3 57.9 72.8
unadjustable 8.2 52 4.3
unmeasured 52.4 36.8 22.9

Panel B: Use by major appliance

heating/cooling 15.9 45.2 63.2
washer/dryer 2.9 1.6 1.0
kitchen 9.3 53 4.5
Electric vehicle 4.8 3.0 1.9

Notes: The values in Panel A add up to 100%. “Unadjustable” refers to
appliances such as refrigerators that must run all the time. “Adjustable”
refers to usage from individually metered appliances that can easily be
turned up and down (e.g., air conditioners, clothes washers, dryers, etc.).
“Unmeasured” is the difference between total consumption and the sum
of the adjustable and unadjustable individually metered usage, and it
includes any appliance that does not have an individual meter. Panel B
includes selected metered appliances, and thus does not add up to 100%.
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Table 2: Balance of Observables

Control Treatment
mean std. dev. mean std. dev. meandiff p-value
Non-event-day 4-7 PM Electric Use (kWh/hour) 2.42 0.008 2.37 0.008 0.05 0.72
Income (categorical) 4.61 1.27 4.25 1.39 0.36 0.17
Education (categorical) 1.58 0.57 1.63 0.59 -0.05 0.67
Preferred Thermostat Temp (°F) 70.4 3.75 69.4 3.0 1.0 0.14
Number of Televisions 1.72 1.06 1.74 0.92 -0.02 0.92
1(Has Solar PV System) 0.08 0.27 0.18 0.38 -0.10 0.12
1(Has Electric Vehicle)! 0.14 0 0.51 0 -0.37 0.00
1(Has programmable thermostat) 1 0 1 0 0 N/A
Number of Residents 244 1.01 2.53 1.34 -0.09 0.71
Square Footage of House 1888 611 2070 701 -181 0.93

Notes: Data on demographics was obtained from the Pecan St. survey. An observation is a household. Average income is
approximately $85,000 for treatment and control groups. Some houses only responded to certain questions, hence the number of
observations varies by observable. The number of observations for each observable are as follows: N income = 107, N educ = 110,
N temp = 109, N number of televisions = 110, N solar pv = 110, N residents = 99, N house square footage = 88. 1EV is only for the

pricing and control groups as we only evaluate EV use during the wind pricing trial.

Table 3: Summer Event Treatment Effects

ey (2) (3) (4)
Electricity  adjustable = nonadjustable AC only
BTPPI coefficients Use (include AC)
Pricing -0.39%** -0.38*** -0.001 -0.29%**
(0.10) (0.10) (0.002) (0.08)
Text + Action -0.04 -0.10 -0.001 -0.08
(0.08) (0.08) (0.001) (0.07)
Text Message 0.02 -0.07 -0.001 0.009
(0.08) (0.08) (0.001) (0.06)
Portal 0.04 -0.003 0.005 -0.02
(0.08) (0.098) (0.003) (0.08)
Household FE Y Y Y Y
Quarter of Sample FE Y Y Y Y
R-squared 0.16 0.09 0.24 0.06
N 194m 145m 194m 145m

Notes: Dependent variable in column (1) is total electricity use, in (2) is electricity use from
all adjustable appliances (e.g., air conditioners, washers, dryers, etc.), in (3) is electricity use
by non-adjustable uses (e.g., refrigerators), and in (4) is electricity use by air conditioners
(AC) only. Triple-difference coefficients shown; all other interactions in (1) are included. An
observation is a household-minute and electricity use is in units of kWh per hour. Standard
errors clustered on 4 in parentheses. The number of observations changes in each column
because not all households have everything individually-metered. *** denotes p<0.01.
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Table 4: Critical Peak Pricing Spillovers

1) (2)
Total Use AC Use
1(Treated x 3:00-3:30PM Pre-Period) -0.02 0.03
(0.08) (0.07)
1(Treated x 3:30-4:00PM Pre-Period) -0.08 -0.03
(0.08) (0.07)
1(Treated x 4:00-7:00PM Treatment Period)  -0.40***  -0.30***
(0.10) (0.08)
1(Treated x 7:00-7:30PM Post-Period) -0.23*  -0.18***
(0.09) (0.07)
1(Treated x 7:30-8:00PM Post-Period) -0.16% -0.14**
(0.09) (0.06)
Household FE Y Y
Quarter of Sample FE Y Y
R-squared 0.14 0.06
N 91m 74m

Notes: Dependent variable in (1) is total electricity use; in (2) is air conditioning
(AC) use. Only spillover triple-difference coefficients shown; all other variables
in (2) are included. An observation is a household-minute and electricity use
is in units of kWh per hour. The number of observations declines from Table

3 because models in this table include the pricing treatment and control group
*** denotes p<0.01, **

only. Standard errors clustered on i in parentheses.

p<0.05, * p<0.1.

37



Table 5: Pricing Treatment Effect By Month
(1) (2) (3) (4)

Total Use AC Use
2013 2014 2013 2014
1(Treated x June) -0.66***  -0.13 -0.53*** -0.13**
(0.13)  (0.10) (0.11)  (0.06)
1(Treated x July) -0.22*  -0.083 -0.16* -0.09%
(0.12)  (0.08) (0.09)  (0.05)
1(Treated x Aug) -0.29**  -0.11  -0.15*  -0.11*
(0.11)  (0.10) (0.08)  (0.07)
1(Treated x Sept) -0.38***  -0.15* -0.27*** -0.10*
(0.13)  (0.08) (0.10)  (0.05)
Household FE Y Y Y Y
Quarter of Sample FE Y Y Y Y
R-squared 0.18 0.16 0.08 0.06
N 96m 98m 67m 78m

Notes: Dependent variable in (1)-(2) is total electricity use; in (3)-(4) is
air conditioning (AC) use. Only triple-difference coefficients shown; all
other pricing ones in (1) are included. An observation is a household-
minute and electricity use is in units of kWh per hour. The number of
observations differs slightly by year due to our data covering March
2013-October 2014. Standard errors clustered on 4 in parentheses. ***
denotes p<0.01, ** p<0.05, * p<0.1.
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Table 6: Wind Pricing Experimental Program

1 @ (3)
Use EV  Heating

1(Treated x 10PM-1AM) 0.02 -0.08 _ 0.03
(0.07) (0.07)  (0.05)
1(Treated x 2AM-5AM)  0.13* 0.11*  0.04
(0.07) (0.06)  (0.06)

Household FE Y Y Y
Quarter of Sample FE Y Y Y
R-squared 015 0.09 0.10
N 30m  13m 26m

Notes: Dependent variable in (1) is total electricity use, in
(2) is electric vehicle use, and in (3) is heating electricity
use. Only triple-difference coefficients shown; all other
interactions in Equation (2) are included. An observation is a
household-minute and electricity use is in units of kWh per
hour. Regressions only include wind period hours (10 PM -
6 AM) to exclude load shifting effects during non-treatment
hours as evidenced by Figure 4. Standard errors clustered on 4
in parentheses. * denotes p<0.01.

39



o4
0 w
oo o
2 2
< =
3 o
i <
1 1
w w
> >
§eo | §21
= =
T T T T T T T T T T T
0 10 15 20 25 0 5 10 15 20 25
Hours of the Day Hours of the Day
. Portal Treatment Control . Text Treatment + Control
Portal Treatment =~ == === Control Text Treatment = == === Control
(a) Portal Treatment (b) Simple Text Message Treatment
o e
wn
oo =N
g <
5 5
2o 2o
3 EN
> >
c c
w0 | \ 3
=+ S
—~ 4 .
T T T T T T T T T T T
0 10 15 20 25 0 5 10 15 20 25
Hours of the Day Hours of the Day
. Text \w Message Treatment Control . Pricing Treatment . Control
Text \w Message Treatment == === Control Pricing Treatment =~ = = === Control
(c) Text w/ Message Treatment (d) Pricing Treatment

Figure 1: The plots display non-event day mean minute level use by treatment group.
The series plotted are the residuals after conditioning on household fixed effects.
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Figure 2: The plots display event day mean minute level use by treatment group. The
series plotted are the residuals after conditioning on household fixed effects.
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ONLINE APPENDIX

A Further Details of the Field Experiment

This short appendix provides further details of the field experiment. We begin with with

the language for the pricing trial recruitment invitation:

Sign up now to take part in Pecan Street’s electricity pricing trial!  Pecan Street is con-
ducting an experiment among its residential volunteers to determine whether, and to what extent,
consumers are willing to alter electricity use by time of day. As a member of Pecan Street’s research
in Mueller, your participation is particularly valuable to this study and can enable you to earn up
to $700.

Unlike most pricing trials, you will not be billed at a different rate by Austin Energy for
participating. You will see your electricity bill unchanged by this study and will continue to
be billed according to Austin Energy’s existing rate structure. Instead, you will receive 1. a
base credit of at least $150 and 2. monthly credits based on your household’s response to an
experimental electric rate that decreases late in the day to encourage nighttime electricity use and
increases on predetermined days in the summer months.

Follow the pricing schedule and save based on these experimental rates? A monthly credit
will be added to your base credit to be paid in full at the conclusion of the study, which can total
up to $700. Opt not to follow the schedule and use electricity as usual? You will not be penalized

and will owe no additional money to Austin Energy.

Next we provide an example of what a circuit-level meter looks like:
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We also present a map of the Mueller neighborhood:

GREATER AUSTIN AREA NEIGHBORHOOD MAP
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Figure A.1: Map of Austin and the Mueller Neighborhood
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Finally, in Table A.1, we provide a comparison of demographic characteristics for the
Mueller neighborhood with the broader city of Austin. It is not possible to formally test
for differences using the aggregate Census data so in the final column of the table, we
indicate whether the reported margins of error overlap. The margins of error overlap for
income, unemployment rates, the fraction of the population with a high school diploma
or more, the fraction of residents over 18, and the number of rooms per household. The
margins of error do not overlap for the fraction of residents with more than a bachelors

degree or the median home value.

Table A.1: Mueller Neighborhood and Broader Austin

Austin Mueller Neighborhood Margins of
Estimate Margin of Error Estimate Margin of Error Error Overlap
Median Household Income $55,216 +$908 $62,175 +$7,742 Yes
Unemployment Rate 5% +0.2% 3.2% +2.4% Yes
% High School Graduate or Higher 87% +0.4% 91.4% +6.7% Yes
% Bachelor’s Degree or Higher 46% +0.5% 64.9% +8.1% No
% Residents over 65 7.3% +0.1% 4.8% +0.8% No
% Residents over 18 21.8% +0.2% 19.5% +5.1% Yes
Median Value Owner-Occupied Housing Units  $227,800 +$1,975 $379,200 +$33,782 No
Median Rooms Per House 4.7 +0.1 4.1 +0.7 Yes

Notes: Data source is the U.S. Census 2014 American Community Survey.

A1 Austin Energy Normal Electricity Charges

Austin Energy was on a tiered rate schedule in 2013 and 2014. Households were charged
a fixed per kWh rate plus a per kWh rate that increased with usage (an increasing block
pricing system). Furthermore, all households were charged a flat $10 fee for being con-
nected to the service. The rates were as follows:

Total fixed per kWh charges:

e 4.654 cents/kWh in 2013

e 5.168 cents/kWh in 2014

The summer and winter tiers did not change between 2013 and 2014. The $10 flat fee
also did not change. For reference, the summer and winter tiers are presented in Table

A2.
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Table A.2: Austin Energy Pricing Tiers (cents/kWh)

Tier Winter Summer
Tier 1: 0-500 kWh 1.8 3.3
Tier 2: 501-1000 kWh 5.6 8
Tier 3: 1001-1500 kWh 7.2 9.1
Tier 4: 1501-2500 kWh 8.4 11
Tier 5: > 2500 kWh 9.6 11.4

The average monthly use for pricing treatment households in 2013 and 2014 during
treatment months was 1034.897 kWh in 2013 and 1139.964 kWh in 2014. Thus, the average
total electricity bill was $117.8397 per month or $0.1138 per kWh in 2013 and $138.1501
per month or $0.1212 per kWh in 2014. For reference, the CPP experimental price was
$0.64/kWh and the wind period experimental price was $0.0265/kWh.

B Further Data Description

B.1 Data Cleaning Procedure

In this subsection we outline the data cleaning process. We downloaded the raw minute
level electricity consumption data from the Pecan Street Dataport website.”” Academics
can apply for free access to the data. In our regressions, we drop observations in which
use by any appliance is larger than 10 kWh per minute or use is negative. This drops
0.29% of the total observations.

For some observations, appliance-specific consumption is missing in the raw data.
We do not set these values to zero. Instead, we leave them as missing. This is why, for
example, the number of observations in the air conditioning regressions reported in Table

3 is less than the number of observations in the total electricity use regressions.

2 Website can be found here: https:/ /dataport.cloud /
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B.2 Additional Tables of Balance

This subsection of the appendix provides more detailed tables of balance comparing each
of the individual treatments to the control group. Just as in Table 2, they provide evidence

of successful randomization.

Table A.3: Balance of Observables for Pricing Treatment

Control Treatment
mean std. dev. mean std. dev. mean diff
Income (categorical) 4.61 1.27 4.41 1.32 0.19
Education (categorical) 1.58 0.57 1.73 0.45 -0.15
Preferred Thermostat Temp (°F) 70.38 3.75 69.52 2.99 0.86
Number of Televisions 1.72 1.06 1.43 0.73 0.28
1(Solar PV System) 0.08 0.27 0.27 0.45 -0.19%
Number of Residents 2.44 1.01 2.54 1.53 -0.10
Square Footage of House 1888 611 2017 615 -128

Notes: There are 30 houses in the pricing group that responded to most of the questions on the
survey. The remainder are control houses. Some houses only responded to certain questions, hence
the number of observations varies by observable. The number of observations for each observable
are as follows: N income = 80; N educ = 83; N temp = 83; N number of televisions = 82; N solar
pv = 83; N residents = 76; N house square footage = 53. If present, statistical differences would be
denoted by *** denotes p<0.01, ** p<0.05, * p<0.1.
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Table A.4: Balance of Observables for Portal Treatment

Control Treatment
mean std. dev. mean std. dev. mean diff
Income (categorical) 4.61 1.27 4.43 1.81 0.18
Education (categorical) 1.58 0.57 1.57 0.53 0.01
Preferred Thermostat Temp (°F) 70.38 3.75 69.57 2.57 0.81
Number of Televisions 1.72 1.06 2.00 1.15 -0.28
1(Solar PV System) 0.08 0.27 0.00 0 0.08
Number of Residents 244 1.01 2.67 1.37 -0.23
Square Footage of House 1888 611 2254 912 -365

Notes: There are 7 houses in the portal group that responded to most of the questions on the survey.
The remainder are control houses. Some houses only responded to certain questions, hence the
number of observations varies by observable. The number of observations for each observable are
as follows: N income = 58; N educ = 60; N temp = 60; N number of televisions = 60; N solar pv = 60;
N residents = 56; N house square footage = 36. If present, statistical differences would be denoted

by *** denotes p<0.01, ** p<0.05, * p<0.1.

Table A.5: Balance of Observables for Text Treatment

Control Treatment
mean std. dev. mean std. dev. mean diff
Income (categorical) 4.61 1.27 4.13 1.55 0.48
Education (categorical) 1.58 0.57 1.63 0.74 -0.04
Preferred Thermostat Temp (°F) 70.38 3.75 69.38 3.29 1.00
Number of Televisions 1.72 1.06 2.50 1.07 -0.78*
1(Solar PV System) 0.08 0.27 0.00 0.00 0.08
Number of Residents 2.44 1.01 2.13 1.64 0.32
Square Footage of House 1888 611 2177 799 -288

Notes: There are 8 houses in the text group that responded to most of the questions on the survey.
The remainder are control houses. Some houses only responded to certain questions, hence the
number of observations varies by observable. The number of observations for each observable are
as follows: N income = 59; N educ =61. N temp = 61; N number of televisions = 61; N solar pv = 61;
N residents = 58; N house square footage = 37. If present, statistical differences would be denoted

by *** denotes p<0.01, ** p<0.05, * p<0.1.
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B.3 Additional Summary Statistics

This subsection of the appendix provides additional summary statistics.
Table A.8 provides the average temperature per month per year on critical peak treat-

ment days.
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Table A.6: Balance of Observables for Text with Message

Control Treatment
mean std. dev. mean std. dev. mean diff

Income (categorical) 4.61 1.27 3.83 1.27 0.78*
Education (categorical) 1.58 0.57 1.42 0.79 0.17
Preferred Thermostat Temp (°F) 70.38 3.75 69.08 3.48 1.29
Number of Televisions 1.72 1.06 1.83 0.84 -0.12
1(Solar PV System) 0.08 0.27 0.17 0.39 -0.09
Number of Residents 2.44 1.01 2.78 1.30 -0.34
Square Footage of House 1888 611 1919 632 -30

Notes: There are 9 houses in the text group that responded to most of the questions on the survey.
The remainder are control houses. Some houses only responded to certain questions, hence the
number of observations varies by observable. The number of observations for each observable are
as follows: N income = 63; N educ = 65; N temp = 65; N number of televisions = 65; N solar pv = 65;
N residents = 59; N house square footage = 37. If present, statistical differences would be denoted
by *** denotes p<0.01, ** p<0.05, * p<0.1.

50



Table A.7: Average Total Electricity Usage by Treatment Group by Minute (kWh)

mean std. dev. min max N
Panel A: Summer
Pricing 1.63 1.73 0 10.0 19,456,889
Portal 2.02 191 0 10.0 14,023,059
Text Message 1.84 1.72 0 10.0 13,038,821
Text+Action 1.86 1.85 0 10.0 14,606,830
Control 1.62 1.77 0 10.0 17,253,418
Panel B: Non-Summer
Pricing 0.95 1.33 0 10.0 28,852,697
Portal 1.11 1.27 0 10.0 21,207,853
Text Message  1.02 1.24 0 10.0 18,730,037
Text+Action 1.03 1.24 0 10.0 21,539,833
Control 0.84 1.14 0 10.0 25,132,252
Panel C: Critical Peak Pricing Event Period
Pricing 241 2.05 0 10.0 270,802
Portal 3.39 2.11 0 10.0 194,079
Text Message  3.10 1.85 0 10.0 180,309
Text+Action 3.14 2.10 0 100 200,125
Control 2.79 2.01 0 10.0 240,186
Panel D: Wind Period
Pricing 0.86 1.16 0 10.0 6,349,544
Portal 0.86 1.04 0 10.0 4,735425
Text Message  0.80 0.99 0 10.0 4,217,009
Text+Action 0.82 1.04 0 10.0 4,876,809

Control 0.66 0.95 0 10.0 5,573,616

Notes: Summary statistics for electricity use (in units of kWh/hour)
over the entire time frame of the experiment. An observation is a
household-minute. We dropped values above 10 kWh per minute and
below 0 kWh per minute (0.29% of the total number of observations).
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Table A.8: Maximum Temperatures on Treatment Days in Celsius
2013 2014 Both

June 38.02 34.18 36.48
G @ 6
July 3526 36.55 36.12
2 @ (6

August 37.01 35.74 36.38

©G) 6 10
September 34.67 3231 33.10

2 @ (6

Notes: This table presents the average
daily maximum temperature on treatment
days by month. Column 1 is for 2013 only,
column 2 is for 2014 only, and column
3 is both years pooled. The number of
treatment days in each month is reported
in parentheses below the temperatures.
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C Further Wind Treatment Figures

In this section we present additional wind period graphs. The first, Figure A.2 displays
the wind pricing experimental period figure, similar to Figure 4a, but for houses without
an electric vehicle. The second, Figure A.3 presents the wind pricing experimental period

tigure for heating electricity use only.
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Figure A.2: Wind pricing treatment use for houses w/out electric vehicles. The series
plotted are the residuals after conditioning on household fixed effects.
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Figure A.3: Wind pricing treatment heating use. The series plotted are the residuals after
conditioning on household fixed effects.
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D Robustness Checks and External Validity

D.1 Robustness Checks

In this appendix subsection, we present several additional robustness checks.

First, we examine our results in a diff-in-diff specification where we exploit only two
sources of variation: the differences across the treatment and control and the differences
across event minutes and non-event minutes. Recall that the preferred specification also
uses variation from differences across event days and non-event days. If one was worried
that event days are systematically different than non-event days, one would not want to
rely on this variation. Thus, we estimate Equation (1) using data only from event days.
Column 1 of Table A.9 displays the results of estimating our primary model restricted to
the sample of event days. The estimated coefficient of -0.42 is very slightly larger than our
preferred specification in Table 3, but is quite similar and is again statistically significant.

Second, recall that in our preferred specification, we dropped the two hours prior and
immediately after the summer event periods. To examine how important this assumption
is, we explore a specification where we do not drop the two hours prior to the event
period. The results are reported in Column 2 of Table A.9 and are virtually identical to
our primary estimates.

Third, we estimate our primary model after taking the natural log of the dependent
variable. The results are reported in Column 3 of Table A.9. The estimated coefficient
indicates that the pricing treatment reduces electricity consumption by approximately
31% during the peak hours.

Fourth, we examine the robustness of our results to using a different control group.
Recall that Pecan Street, Inc also collected minute-level usage data for an additional 24
households in Austin outside of the Mueller neighborhood. These houses were not in-
formed of the critical peak pricing study and were not receiving any other treatment at
this time, and thus serve as a useful second control group as well as providing insight into

the external validity of our results. We estimate our primary model replacing the original
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control group with these additional 24 houses. The results are presented in Column 4 of
Table A.9. Again, the treatment effect is somewhat smaller, but broadly consistent with
the primary treatment effect reported in Table 3. We prefer our larger control group to

this alternative control group.

Table A.9: Robustness: Primary Treatment Effects

(1) (2) ) (4)
Electricity Electricity Log(Elect Alternative
Use DiD Use Use) Control
Portal 0.20 0.04 -0.06 0.13
(0.14) (0.08) (0.05) (0.09)
Text Message 0.10 0.02 -0.03 0.11
(0.12) (0.08) (0.05) (0.09)
Text + Action 0.09 -0.04 -0.08* 0.05
(0.13) (0.08) (0.04) (0.09)
Pricing -0.42%** -0.39*** -0.31%** -0.31%**
(0.15) (0.09) (0.06) (0.11)
Household FE Y Y Y Y
Quarter of Sample FE Y Y Y Y
R-squared 0.16 0.16 0.30 0.17
N 8.7m 194m 191m 159m

Notes: Column 1 displays diff-in-diff estimates of estimating (1) only on the sample
restricted to event days. Column 2 is our primary treatment effects specification dropping
observations that occurred 1-2 hours after the CPP treatment. Column 3 displays the
primary specification with logged overall use as the outcome variable. Column 4 uses
an alternative control group consisting of houses in the greater Austin area. Only
triple-difference coefficients shown; all other interactions are included in the regressions.
An observation is a household-minute and electricity use is in units of kWh per hour.
Standard errors clustered on i in parentheses. * denotes p<0.1.

Next, we estimate the summer peak pricing treatment effects for electric vehicle elec-
tricity usage and all unaccounted usage. Recall that unaccounted use is defined as the
total use minus the use from all measured appliances (including air conditioners and
electric vehicles). Table A.10 presents the results. We find that the critical peak pricing
experiment did not appear to impact electric vehicle or unaccounted electricity use.

We now move on to examine our results using 15-minute level data, rather than

minute-level data. One might argue that the variation at the minute level is too fine
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and too prone to measurement error and thus aggregating to the 15-minute level is pre-
ferred. The coefficients are roughly identical to the coefficients in Table 3 only divided
by 15. For example, the coefficient on total electricity use in column (1) is -6.06 and

—6.06/15 = —0.40, which is almost exactly our coefficient using the minute level data.
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Table A.10: Effect of Summer Peak Pricing on Further Appliances
Electric Unaccounted Washer Dryer Bathroom Livingroom

Vehicle
Portal -0.007 0.01 -0.06 -0.01 0.04 0.05
(0.03) (0.05) (0.04) (0.01) (0.05) (0.14)
Text Message -0.03 0.001 0.03 0.003 0.07 0.22
(0.03) (0.05) (0.04) (0.01) (0.11) (0.15)
Text + Action -0.02 -0.05 -0.04 -0.01 0.003 0.07
(0.03) (0.04) (0.04) (0.01) (0.03) (0.19)
Pricing -0.008 -0.06 -0.03 -0.01 0.01 0.09
(0.03) (0.04) (0.03) (0.01) (0.02) (0.12)
Household FE Y Y Y Y Y Y
Quarter of Sample FE Y Y Y Y Y Y
R-squared 0.03 0.32 0.27 0.23 0.35 0.55
N 80m 78m 82m 97m 37m 36m

Notes: This table replicates the primary treatment effect specification only with electric vehicles usage and
unaccounted usage as the dependent variables. Unaccounted usage is total consumption minus consumption by
all measured appliances. An observation is a household-minute and electricity use is in units of kWh per hour.
Standard errors clustered on ¢ in parentheses.

Table A.11: Robust: Summer Event Treatment Effects with 15 Minute Level Data

(1) (2) (3) (4)
Electricity ~AConly  adjustable nonadjustable
BTPEI coefficients Use (include AC)
Portal 0.43 -0.63 -0.49 0.07
(1.27) (1.07) (1.32) (0.05)
Text Message 0.04 -0.03 -0.85 -0.01
(1.23) (0.95) (1.15) (0.02)
Text + Action -0.80 -0.95 -1.14 -0.008
(1.18) (0.96) (1.17) (0.02)
Pricing -6.06*** -3.06%** -4.15%** -0.009
(1.48) (1.06) (1.30) (0.003)
Household FE Y Y Y Y
Quarter of Sample FE Y Y Y Y
R-squared 0.22 0.14 0.20 0.26
N 12,938,955 12,976,531 12,976,427 12,976,132

Notes: Triple-difference coefficients shown; all other interactions in (1) are included. An
observation is a household-15 minute interval and electricity use is in units of kWh per hour.
Standard errors clustered on 4 in parentheses. The number of observations changes in each
column because not all households have each category individually-metered. ** denotes p<0.05.
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D.2 External Validity

External validity is a key question about our study. Recall that Table A.1 above compares
census block data from the Mueller neighborhood to Austin more broadly. While one
can never fully claim external validity without running an experiment in multiple places,
we perform a test to explore whether these discrepancies matter based on observables.
Specifically, we limit the sample to houses with similar incomes and education levels to
the Texas average. The average income in Texas is $57,051 according to the US Census.
The Pecan Street household surveys report categorical income categories. We select all
houses in the $50,000-$74,999 income category. 89.7% of the Texas population has less
than a graduate degree. We further limit our sample to households with a Bachelors
degree or less. We then estimate our primary results table (Table 3) using this subsample
of data. The results for the pricing trial are presented in Table A.12. Importantly, the

results are generally consistent with the main findings.
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Table A.12: Summer Event Treatment Effects on Census Sample

1) (2) (3) (4)
Electricity AConly adjustable nonadjustable

BTPEI coefficients Use (include AC)

Pricing -0.44%*  -0.37%** -0.41** -0.002
(0.14) (0.10) (0.15) (0.001)

Household FE Y Y Y Y

Quarter of Sample FE Y Y Y Y

R-squared 0.11 0.04 0.12 0.31

N 12m 11m 11m 11m

Notes: This table replicates the primary results table limiting to households with similar
income and education characteristics as Texas as a whole. The median household income
in Texas is $57,051 according to the US Census. The Pecan Street household surveys have
categorical income brackets. We select all houses in the $50,000-$74,999 income category
and below. Also, 89.7% of the Texas population has less than a graduate degree. We limit
to households with Bachelors degrees or less. The number of houses included in each
sub-treatment group is as follows: control = 6, portal = 1, text = 1, text with action message = 2,
pricing = 5. Because of the extremely low sample size for the 3 information treatments, we only
show the pricing treatment results. Triple-difference coefficients shown; all other interactions
in (1) are included. An observation is a household-minute and electricity use is in units of
kWh per hour. Standard errors clustered on ¢ in parentheses. The number of observations
changes in each column because not all households have each category individually-metered.
*** denotes p<0.01, ** p<0.05.
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D.3 Pre-cooling Suggestive Results

This subsection presents a table of the suggestive results for pre-cooling. Column (1)
is statistically significant at the 10% level and suggests a 0.15 kWh per minute increase
in air conditioning consumption during the pre-cooling hours for the households that
received the pre-cooling text message. Column (2) presents the coefficient for the treated
households during the non-event days, which is not statistically significant. However,

the coefficient is positive, at 0.07, so we view this result as only suggestive.

Table A.13: Treatment Effect on Pre-Cool Days from 2-4 PM

(1) (2)

AC AC
BTPPI coefficients Use (kWh) Use (kWh)

Pre-Cool Message non-Event-Days
Text + Action 0.15% 0.07
(0.08) (0.04)

Household FE Y Y
Quarter of Sample FE Y Y
R-squared 0.06 0.06
N 126m 137m

Notes: Only triple-difference coefficients shown; all other pricing ones in
(1) are included. An observation is a household-minute and electricity use
is in units of kWh per hour. Standard errors clustered on ¢ in parentheses. *
denotes p<0.1.
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D.4 Are People Home? Adjustable Use on Summer Event Days

An important question is whether or not residents were home and thus able to respond
to price changes during the critical peak event periods. If people simply left their house
during the event hours and used electricity elsewhere, then the residential electricity re-
ductions may be offset by reductions elsewhere. In the Pecan Street survey, one of the
questions asks if people worked from home. 62% of surveyed houses have at least one
person that works from home, which could include stay-at-home parents. This suggests
that many people should be home during the event periods, but it is still possible that
people leave because of the events.

To further provide evidence that residents are at home during the event periods, we
graph the average adjustable appliance use per treatment group on critical peak event
days and similarly hot summer days. Adjustable appliances include lights, bathroom use,
bedroom use, clothes washer use, dining room use, dishwasher use, dryer use, kitchen
and kitchen appliance use, living room use, and office use. If people actually leave their
homes during the high price event periods in order to reduce electricity use and save
money, we would expect to see a difference in the use of all of these appliances. Figure
A.4 shows the adjustable use on event days and similarly hot (> 90°) non-event days The
gray shaded area is the experimental pricing period. The two lines are pretty much on

top of each other, ruling out that people leave their homes during the event periods.

62



Mean Use/Hour (kWh)
15 2
1 1

A
1

.05
1

T

5 10

T T

15 20 25

Hours of the Day

Event Day Adjustable Use
Event Day Adjustable Use

Hot Day Adjustable Use
----- Hot Day Adjustable Use

Figure A.4: This figure displays the mean adjustable use on event days and similarly hot
non-event days for pricing treatment and control groups. The series plotted are the
residuals after conditioning on household fixed effects.

D.5 Wind Pricing Trial Estimates By Hour

This subsection examines estimates from the wind pricing trial by hour of the night, pro-

viding additional information than Table 6. We see similar results, but with greater statis-

tical significance during a few key morning hours.
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Table A.14: Wind Pricing Trial Experiment
(1) (2) 3)
Use EV  Heating
1(Treated x 10PM-11PM) -0.06 -0.16 0.01
(0.10) (0.13)  (0.04)
1(Treated x 11PM-12AM) 0.03 -0.11 0.03
(0.09) (0.11)  (0.05)
1(Treated x 12AM-1AM) 0.03 -0.06 0.04
(0.07) (0.07) (0.06)
1(Treated x 1AM-2AM) 0.08 0.03 0.05
(0.07) (0.07) (0.06)
1(Treated x 2AM-3AM) 0.12  0.09 0.04
(0.07) (0.07)  (0.06)
1(Treated x 3AM-4AM) 0.18** 0.16* 0.04
(0.08) (0.09) (0.06)
1(Treated x 4AM-5AM) 0.19** 0.18* 0.04
(0.09) (0.10)  (0.06)
1(Treated x 5AM-6AM) 0.05 0.02 0.05
(0.08) (0.07) (0.07)

Household FE Y Y Y
Quarter of Sample FE Y Y Y
R-squared 0.14 0.10 0.09
N 30m  26m 13m

Notes: Only triple-difference coefficients shown; all other
interactions in Equation (2) are included. ‘Use’ refers to total
electricity consumption; ‘EV’ refers to electric vehicle electricity
consumption. An observation is a household-minute and elec-
tricity use is in units of kWh per hour. Regressions only include
wind period hours (10 PM - 6 AM) to exclude load shifting effects
during non-treatment hours as evidenced by Figure 4a. Standard
errors clustered on 7 in parentheses. ** denotes p<0.05. * denotes
p<0.01.
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Table A.15: Wind Pricing Experimental Program: Control Period = Jan, Feb
(1) 2) 3)
Use EV  Heating
1(Treated x 10PM-1AM) -0.02  0.08 -0.02
(0.06) (0.11) (0.02)
1(Treated x 2AM-5AM) 0.08* 0.26**  -0.01
(0.05) (0.07) (0.02)

Household FE Y Y Y
Quarter of Sample FE Y Y Y
R-squared 0.15 0.07 0.07
N 1I8m 7.2m 15m

Notes: Only triple-difference coefficients shown; all other
interactions in Equation (2) are included. ‘Use’ refers to total
electricity consumption, ‘EV’ electric vehicle consumption, and
‘Heating’ consumption. An observation is a household-minute
and electricity use is in units of kWh per hour. Regressions
only include wind period hours (10 PM - 6 AM) and months 1-5
and 10-12 to exclude load shifting effects during non-treatment
hours as evidenced by Figure 4. Standard errors clustered on i in
parentheses. * denotes p<0.01.

65



E Illustrative Welfare Calculations

This section outlines the back-of-the-envelope welfare calculations presented in Section 5.
Given that our primary specification in (1) is a linear model, we simplify by assuming a
linear demand curve. We begin with the critical peak pricing experimental program and
then move to the wind experimental program.

As a starting point, consider that the Austin Energy summer electric rate in 2013 was
11.4 cents/kWh and in 2014 was 12.1 cents/kWh. Thus, regardless of the wholesale price,
households are charged this rate. The 64 cents/kWh charge was set prior to the summer
of 2013 and was based on historical spikes in the wholesale price in the electricity nodes
around Austin. On average, one would expect this critical peak pricing charge to capture
the wholesale electricity rates. Using data from the Electric Reliability Council of Texas
(ERCOT),?® we note that there are wholesale price spikes during the event periods, but
these were not always the most expensive wholesale prices in those two summers, which
suggests that the event periods were not always called in the most needed times. The peak
wholesale prices in 2013 and 2014 were about $740/MWHh (74 cents/kWh). Since then the
spikes have gotten even more pronounced in Texas, with rates as high as $4,000/ MWh,
as noted in Section 5. Thus, as a reasonable estimate for what the potential welfare gains
of critical peak pricing might be, we use 74 cents/kWh for our calculations.

In our illustrative calculations, we take the wholesale price as a measure of the
marginal cost of generation of electricity. This assumption holds assuming that ERCOT
is a competitive market. This assumption is common in the literature Cullen (e.g., 2013).
Then, for simplicity, we assume that the cost of the transmission and distribution system
is a sunk cost. This is reasonable in the short-run, but given that the system is built out for
peak load, it is quite possible that we are underestimating the long-run benefits by mak-

ing this assumption. For our calculations, we also download estimates of the marginal

ZERCOT data are publicly available from http://www.ercot.com/gridinfo/load/load_hist/
index.html and http://mis.ercot.com/misapp/GetReports.do?reportTypeld=13061&
reportTitle=Historical%20RTM%20Load%20Zone%$20and%20Hub%20Prices&showHTMLView=
&mimicKey.
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Figure A.5: Welfare Illustration When CPP Price is Below Marginal Social Cost

damages by hour from air pollution in Texas from the AP2 model (Holland et al. 2016).%
From ERCOT, we download the marginal emissions factors of electricity generation in
Texas. Combined these allow us to calculate the marginal damages reduced per kWh of
electricity consumption avoided.

Under these assumptions, the marginal social cost of electricity is still above the ex-
perimental critical peak pricing rate, although the experimental rate is much closer than
the Austin Energy retail tariff. For making our next set of calculations, it is illustrative
to refer to Figure A.5 showing the different changes in welfare in a stylized graph. This
tigure shows the social welfare gains from reducing electricity consumption during the
event hours when the marginal social cost of electricity is above the retail tariff. It also
shows what the transfers would be from consumers to the utility (the utility itself ran the
critical peak pricing program instead of Pecan Street). Not shown are any transfers to
consumers to incentivize participation.

We calculate each of the areas in Figure A.5 using the pricing treatment effect coeffi-

2We recognize that some of the externalities may be partly internalized, but reducing the marginal dam-
ages makes little difference to our results.
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cient estimate of -0.39 from Table 3 and the average electricity use by the control group
during the full event period of 2.79 kWh per hour from Table A.7. For a single household
and single event period, we find that the social welfare gains are $1.20, the transfer from
consumers to the utility is $3.74 (note this may possibly be compensated lump sum), the
reduced consumer surplus including the transfer is $4.05, and the reduced external costs
are 3 cents. We obtain the results in the text in Section 5 by multiplying by the 27 event
days, multiplying by the number of households in Austin (361,257 from Census data), or
multiplying by the number of households in Texas (7.4 million from Census data). Extrap-
olating to all of Austin or all of Texas deserves the caveat that consumers in these broader
regions would be responding in the same was as the pricing treatment households in our
study and would be facing similar prices. So we recommend readers take these with a
grain of salt.

For the off-peak wind program, we perform a similar analysis. The experimental price
for the wind trial was again set based on the wholesale price in the electricity market
nodes around Austin. It was set to 2.65 cents/kWh instead of the Austin Energy winter
electric rate of 8.7 cents/kWh in 2013 and 8.9 cents/kWh in 2014. Using ERCOT data, we
found that the average wholesale price in ERCOT during the night hours during the event
months in those two years was 3.1 cents/kWh. As the marginal electricity generation at
night in Texas is often coal, we calculated marginal damages of 3.2 cents/kWh. Under the
assumption of a competitive market, this would imply a marginal social cost of electricity
of 6.3 cents/kWh.

Using our coefficient estimate from Table 6 of 0.13 and the average electricity use by
the control group during the wind period of 0.66 kWh per hour, we calculate the social
welfare gains. Figure A.6 breaks down the welfare changes due to the wind treatment
into components in a stylized graph.

In our calculations, we find that the social welfare gains are roughly cent per day, or
approximately $2.40 over the ten months of the experiment (5 months in 2013 and 5 in

2014). The reason the gains are so small is that the price differences are not very large.
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Figure A.6: Welfare Illustration For the Off-peak Experimental Program

If we extrapolate out to all of Austin, this implies social welfare gains of $851,000, and
extrapolated out to all ERCOT we are talking about $17 million. So, there is some scope
for efficiency gains, but not nearly as large as the scope for efficiency gains from critical
peak pricing.

We finally emphasize that these welfare calculations are illustrative and that the exact

welfare results from any given policy would vary depending on the policy.
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