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Abstract

As electricity systems transition to greater shares of renewable energy, flexible
demand becomes vital for grid stability. We test whether smart technologies
can unlock this flexibility or if human behavior remains the key barrier. Our
field experiment randomizes peak event timing across households enrolled in
one of three demand response programs: fully automated, app-enabled, and
manual. Automated households reduced peak consumption five times more
than those requiring any action. Simply providing smart technology made
no difference when effort was still required. Our results suggest that time
and attention—not technology—are the main constraints to realizing greater
demand-side flexibility.
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1 Introduction

“While the electricity system of the past involved forecasting demand and

dispatching supply, going forward grid operators will increasingly find them-

selves forecasting supply and dispatching demand.”

–Jeff Dagle, Pacific Northwest National Laboratory

The energy transition is rapidly changing electricity systems around the world as

supply decarbonizes and new sources of demand are electrified (e.g. heating, trans-

portation). However, the growth of variable renewable generation sources, such as

wind and solar, has raised reliability challenges for power grids, where supply and

demand must balance at every instant and at every location. These market dynamics

highlight the potential for flexible demand to play a critical role in facilitating the

transition to a low-carbon electricity supply. Despite its promise, questions remain

as to how to elicit such flexibility from notoriously inelastic electricity consumers.

One solution, long advocated by economists, is to send dynamic price signals

to customers to reflect the time-varying nature of marginal electricity system costs

(Boiteux, 1960; Kahn, 1970; Joskow and Wolfram, 2012). However, when facing time-

varying pricing, customers face tradeoffs between the financial benefits, discomfort

from adjusting consumption, and the cost of taking action which includes the time,

effort, attention, and cognitive burden of interpreting and responding to price signals,

making such first-best policies unrealistic (Schneider and Sunstein, 2017). In addition

to the onus of having to gather (and understand) their electricity price schedule and

usage, consumers face an even more fundamental obstacle: The reward for adjusting

consumption may simply not be worth their opportunity cost of time (Becker, 1965).

Consumers may be understandably reluctant to allocate their scarce time when the

individual private gains are small—despite potentially large social gains in the aggre-

gate. This “rational inattention” (Sallee, 2014) can lead to low price responsiveness

and is reflected in inertia in consumer decisions.

In this paper, we examine the role of effort and attention as barriers to flexible

residential electricity demand. In particular, we investigate the role that emerging

technologies and the requirement to respond to events actively versus passively can

play in reducing these barriers. Partnering with a large electric utility in Canada,

we recruited approximately 1,000 households to a demand response experiment that

lasted 17 months. Participants received individually randomized notifications of

“peak events”, roughly 3 to 4 per month, whereby they received financial rewards
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for reducing electricity consumption during the 3-hour window of each event.

Participants were assigned to one of the three demand response programs that

differed in the provision of enabling technology and whether active versus passive

responses to events were required. Households in the most basic Manual program

received information on their real-time consumption as well as notifications of peak

events via the Utility’s App and had to respond actively by manually adjusting their

consumption, as the name suggests. Households in the Tech program received

the same information but also had app-enabled load (electricity demand) controllers

installed on their baseboard thermostats, hot water heaters, and/or electric vehicle

(EV) chargers. These controllers allowed them to respond actively to events but

with the ease of doing so remotely via an App. Finally, households in the Central

program had the same load control technology installed and information provision as

those in the Tech program, but with the key difference that the Utility automatically

reduced their consumption in response to an event. In this sense, their response was

passive. Even if they exert no effort, or pay no attention to the event, households in

this program will have their consumption reduced and can earn rewards. Households

could override the automatic reductions, but, in contrast to the Tech program, they

needed to actively make an effort to not reduce consumption by pushing a button on

their App.1 To serve as a baseline, we also have a subset of never-treated households

who did not receive peak events.

Our treatment of interest is the effect of peak events on electricity consumption

and, importantly, how that differs across participants in different programs. Accord-

ingly, we randomize our treatment events, i.e., peak event notifications, at the level

of household-day. That is, each participant received a unique randomized schedule

of peak events over the 17-month period of the study.2 This granularity of random-

ization differs from typical “between-subject” designs, where randomization occurs

at the level of group allocation, with participants subsequently receiving common

treatments. Our design incorporates what is often called a “panel experiment” or

“within-subject” design (Charness et al., 2012; Bojinov et al., 2021; List, 2025).

Within-subject designs are far less common than between-subject designs, in part

because of the complexity involved in implementing an experiment with personalized

1There are a number of recently developed programs that include utility-managed load-control
for various appliances including hot water heaters (Wattersaver, 2023), thermostats (PG&E, 2023),
electric vehicles (DTE Energy, 2022), and solar-plus-storage systems (Spector, 2020).

2The schedule is blind to the participant prior to the notification that occurs 21 and 2 hours
preceding an event.
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randomization.

The within-subject design allows us to estimate household-specific treatment ef-

fects, providing estimates of the full distribution of responses across households to

peak events for each demand response program. This offers unique insights into the

heterogeneity in price responsiveness across households, letting us further explore the

role of effort and technology as determinants of effective electricity demand response.

The within-subject design also generates additional variation through the individually

randomized timing of peak events, increasing the statistical precision of our treatment

effect estimates.

Our results provide four key insights. First, we find that households in all three

programs respond to financial incentives but the requirement to respond actively is a

major barrier to performance. Using both within- and between-subject variation, we

find participants in the Central program reduced consumption, on average, by 26.2%

during events, as compared to 4.8% and 5.3% in the active-response-requiring Tech

and Manual programs, respectively. Having to take an action to reduce consumption,

even one as small as pushing a button on an app to respond to an event, results in

one-fifth of the demand response. Second, technology alone is not sufficient. House-

holds in the Tech program, despite receiving remote control capabilities, performed

similarly to those in the Manual program. Simply providing consumers with smart

home technology to monitor and control their energy use appears insufficient to drive

significant consumption changes. Third, the magnitude of the Central program’s re-

sponse reinforces the considerable potential of demand flexibility as a resource for

electricity grids. Fourth, the Central program’s automation during peak events is

well tolerated, with an event opt-out rate of approximately 4%, and low attrition

rates comparable to those in other programs.

We find that the distributions of household treatment effects, estimated solely

based on within-subject variation, differ significantly across the programs. Partici-

pants in the Central program are symmetrically distributed around a mean reduction

of 24%. However, participants in the Tech and Manual programs form a large mass

around 0%, with a small subset of high performers driving mean program reduc-

tions of approximately 5%. Our within-subject design also allows us to examine

the consistency of individual household treatment effects by exploring the variance

of responsiveness across events within each household. We find that the estimated

standard errors on the treatment effects are similar across the three programs, with

slightly smaller values for the Central program. This suggests that households’ re-
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sponses to events are broadly consistent. That is, the Central program households

are consistently large responders, while the Tech and Manual households are in large

part consistently low responders. This consistency has important implications for

demand response as a reliable resource for electricity systems.

Using our within-subject design, we decompose the consumption response into

an extensive margin (“Should I respond? ) and an intensive one (“If so, by how

much?”). Using a principal stratification approach, we find that the Central program

has a large effect on the extensive margin: 80% of households in the Central pro-

gram are identified as responders, compared to 20% and 18% in the Tech and Manual

programs, respectively. On the intensive margin—the magnitude of response condi-

tional on responding—the Central program again outperforms the active-requirement

programs. Central program responders reduce consumption by 31%, which is statis-

tically larger than the 27% and 23% reductions for Tech and Manual, respectively.

The Central program not only boosts the likelihood of responding, it also increases

the conditional magnitude of response.

We explore potential mechanisms driving our results by combining the household-

level estimated treatment effects with detailed data on participants’ interactions with

the utility’s App. We provide evidence suggesting that differences in performance

are associated with differences in time allocation and attention. We find that when

households do not interact with their App on event days, the average household-level

treatment effect is roughly 2% for the Tech and Manual programs and 22% for the

Central program. When households do interact with their App, the reductions in-

creased to 6% for the Tech and Manual programs, and 25% for the Central program.

These results emphasize that while all programs increased responsiveness when house-

holds interacted with the App, the Central program’s “headstart” from not having

an active response requirement is associated with the largest effects.

The app interaction data provides further insight into the connection between

effort and performance during the demand response events. Placing all the treated

households into performance quartiles based on their estimated household-level treat-

ment effects, we note that Central participants dominate the top quartile. 74% of top

quartile households came from the Central program, compared to 13% each for the

Tech and Manual programs. Looking deeper into the relationship between a house-

hold’s quartile performance and their app interaction frequency (i.e., the share of

events during which the household interacted with the app), we note two key find-

ings. First, app interaction is positively correlated with performance. Those who
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delivered larger reductions tended to interact with the app more frequently, across all

programs. Second, among households that achieved top quartile performance, those

in the Tech and Manual programs had to interact twice as frequently as those in the

Central program. High performance was possible in the active programs but required

considerable effort.

We also investigate how price affects the degree of responsiveness by randomizing

peak event incentives into regular and “high” reward events, with the latter offering

roughly double the financial reward for a given consumption reduction. We find

no statistically significant evidence that higher prices motivate greater consumption

reductions over the range of prices tested.3 In our context, while the doubling of prices

is meaningful relative to wholesale power prices, the resultant impact on individual

households, per event, is admittedly small; price sensitivity cannot be ruled out at

more substantial price ranges. Nevertheless, this observed result suggests a story of

responsiveness in which the costs of actively responding act as the key barrier, rather

than a smooth response to price signals.

Our results point to the need to take an active action as a key barrier to respon-

siveness. This is consistent with a notion of adjustment/hassle costs (or “ordeals”)

resulting in a strong default effect. Default effects have been considered in a range

of settings, including retirement savings (Chetty et al., 2014; Bernheim et al., 2015),

organ donations (Abadie and Gay, 2006), subscription decisions (Einav et al., 2025),

and health insurance (Brot-Goldberg et al., 2023; Shepard and Wagner, 2025). In

this literature, the work most closely related to ours is Fowlie et al. (2021), who look

at opt-in versus opt-out default effects at the household’s choice of selecting time-

varying retail electricity pricing plans. Our paper complements this work by focusing

on default effects in the consumption response to events, among households already

enrolled. Our key contribution beyond the existing literature is the finding of sig-

nificantly greater responsiveness when consumption reductions are made the default,

or passive, action in response to demand response events. Requiring customers to

take action—even with the provision of technology that makes the associated cost as

minimal as remote control with a mobile phone app—is no match for the power of

demand response that is initiated on the consumer’s behalf.

There is an emerging literature that explores automation of key household ap-

3This finding is similar to that of Prest (2020) who estimates the price-responsiveness of house-
holds facing time-of-use prices in Ireland (without automated technologies) and finds that households
are responsive to time-of-use price signals, but the magnitude of response does not increase with
higher prices.
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pliances for consumers to reduce time- and effort-related costs. Evidence shows that

automation of smart thermostats and electric vehicles can facilitate short-run demand

responsiveness when combined with pricing (Harding and Lamarche, 2016; Bollinger

and Hartmann, 2020; Burkhardt et al., 2023; La Nauze et al., 2024; Bailey et al.,

2025a,b; Blonz et al., 2025; Garnache et al., 2025; Metcalfe et al., 2026). Our paper

builds on this work by investigating the role of price, technology, and effort as de-

terminants of demand response, using automation in a wider range of smart home

technologies. In particular, by considering two programs, both with enabling tech-

nologies but only one including automation, we are able to isolate the relative impact

of automation versus the technologies themselves. In addition, our within-subject

design allows us to dig deeper into the mechanisms underlying these results. Our

findings suggest that there is a threshold effect in which even a seemingly small

amount of effort required to respond serves as a sufficient barrier to limit demand

response.

Recent work finds that technology on its own may not deliver its full stated po-

tential. For example, consumers may override important settings of demand response

enabling technologies, reducing the anticipated benefits (Brandon et al., 2022). Con-

sistent with this work, we find our Tech program performs no better than the Manual

program on average. That is, given the ability to remotely control large appliances

(e.g. thermostat settings), Tech households fare no better than consumers who re-

quire a more manual action. The key takeaway is that to reach their full poten-

tial, enabling technologies must account for how consumers actually engage with

technology—including their reluctance—as a barrier to responsiveness.

The rest of the paper proceeds as follows. Section 2 describes our experimental

design and data. We begin with descriptive analysis in Section 3, followed by our

formal estimation framework in Section 4 and estimation results in Section 5. Sec-

tion 6 presents empirical evidence to understand the mechanisms behind our results.

Section 7 discusses the external validity of our experimental setting, and Section 8

concludes.

2 Experimental Design and Data

2.1 Overview

We partnered with a large Canadian electric utility (hereafter referred to as the “Util-

ity”) to create three demand response programs that vary in terms of the enabling
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technology provided to customers, as well as household versus utility-initiated electric-

ity demand changes on specific devices. We are primarily interested in how customers

in each program adjust their electricity consumption in response to “peak events”,

times during which the Utility asks consumers to reduce consumption and rewards

them financially for doing so.

A unique feature of our study is the fact that we randomized the timing of peak

events at the household-level. Each household in the experiment has their own unique

schedule of events. We leverage the randomization of these events (as well as the

richness of our data) to estimate household-specific treatment effects. These features

allow us to look at the distribution of effects within each program to better understand

what is driving average program-specific results.

2.2 Treatment Events

Customers in each of the demand response programs received notifications of peak

events through an electricity consumption management phone App offered by the

Utility. Peak events had the possibility of occurring at one of two time periods:

morning (7am to 10am) or evening (5pm to 8pm). The schedule and timing (morning

or evening) of events were unknown ex-ante to the customer, each receiving a unique,

randomized schedule of events over the course of the experiment. Consequently,

households could not predict the day or event time when they would receive a peak

event. Households received two event notifications – 21 and 2 hours before the event

– that included an offer for households to receive financial rewards for reducing elec-

tricity consumption during the peak event period, relative to their household-specific

baseline.4 Further, because events were randomized in time for each household, they

are not correlated with other drivers of household electricity consumption.

“Event types” were also randomized and were one of two pricing levels, “normal”

and “high”, with rewards increasing in the latter for large reductions. High peak

events were only possible during evening periods. During normal events, households

could receive $1 for a 10% reduction, $2 for a 30% reduction, or $3 for a 50% reduction.

During high peak events, households could receive $1 for 10%, $3 for 30%, or $6 for

4Baselines were calculated based on a household’s average consumption during the relevant event
time window over the last five weekdays prior to the event, excluding days where events occurred.
Customers did not know how the baseline was calculated to avoid the potential for customers to
“game” their baseline (Wolak, 2007). 21 hours was selected as the longest notification period to
avoid consumers having knowledge of a pending event while their baseline was still being set.
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50% reductions.5 By randomizing the pricing levels, we are able to estimate the effect

of greater price incentives on household consumption decisions.

The incentive amounts translate to payments ranging from $1.11 to $2.22 per kWh

of electricity reduced, for the average household.6 These incentives are in the range of

wholesale price caps used in a number of jurisdictions in North America.7 From the

household’s perspective, the payments for a systematic 10%, 30%, or 50% reductions

would be in the range of $3, $7, or $12 per month, respectively. This reflects 2%, 5%,

or 8% of the average single family household’s electricity bill of $156 per month.

Events occurred randomly on weekdays, excluding holidays. Households typically

experienced two “normal” and one “high” event per month. This schedule was altered

in the summer months of July and August when peak demand is typically lower in this

part of Canada. During these months, households did not experience “high peak”

events. Events started on February 22, 2022, and continued until June 30, 2023,

resulting in 30,502 household-event days in our experiment.

Event notifications provided information on the time of the event and the financial

incentives for the different demand reduction levels. Once consumers received the 21-

hour notifications, they could also see event details in the App itself. See Appendix

B.1 for examples of the notification and in-App event messages. Households’ rewards

for consumption reductions during events were displayed in the App at a two- to

three-day lag. The App also gave households a summary of their total rewards to

date. See Appendix B.2 for details on each program’s in-App experience.

2.3 Demand Response Programs

Our initial sample consists of all households that first downloaded the utility’s App.

The App provides customers with household-level hourly consumption posted at a

one-day lag. From the pool of approximately 9,000 households that joined the App,

we identified 1,661 eligible households based on factors such as being located near

5Report dollars are in Canadian dollars. CAD$1 equals approximately USD$0.75 or EURe0.69
as of June 2023, the end point of our experiment.

6The average household consumes 1.8 kWh in each hour in our sample. A 10%, 30%, and 50%
reduction translates to a 0.54, 1.62, and 2.7 kWh reduction over the three-hour event, respectively.
Consequently, for a 50% reduction during a normal peak event, we compensated households $3

2.7 =

$1.11 per kWh. For a 50% reduction during a high peak event, compensation was $6
2.7 = $2.22 per

kWh. The other percent reductions lie between these two cases.
7Examples include the wholesale price cap of CAD$1.00/kWh in Alberta (Brown and Olmstead,

2017), USD$3.50/kWh in the Mid Continent Independent System Operator that operates in the
Midwest United States (IRC, 2017), and USD$5/kWh in Texas (Smith, 2022).
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a major metropolitan city and household characteristics.8 Eligible households were

randomized into one of three demand response programs or two never-treated groups.

Email invitations were sent to eligible households randomized into the demand re-

sponse programs, with several reminders. See Appendix A.1 for a complete descrip-

tion of the recruitment and assignment process.

Table 1. Summary of Household Programs

Programs DR Control Load
Controller

Price Incentive Real-Time
Usage Info

Central Utility ✓ ✓ ✓
Tech Household ✓ ✓ ✓
Manual Household ✓ ✓
Info Household ✓
Control Household

Notes. DR Control represents whether demand response to events is controlled
entirely by the household or by the Utility for the load-controlled devices. Load
Controller denotes whether the household has load controller equipment installed.
Price Incentive reflects if households receive peak events and rewards for reduced
demand during events. Real-Time Usage Info denotes whether households receive
real-time household-level consumption information. ✓indicates categories that are
applicable to each program.

Table 1 summarizes our demand response programs and never-treated groups.

Households in the Manual program earned financial rewards for demand reductions

during peak events but did not have any load controller equipment installed by the

Utility to manage their consumption via the App. They had to respond to events

manually.9 Households were sent a device that allowed them to monitor their real-

time electricity usage information in the Utility’s App.

The Tech program differs from the Manual program in that the Utility installed

load controller equipment on one or more of the household’s electric hot water heaters,

baseboard thermostats, and level 2 EV chargers, to enable remote electricity consump-

tion (“load”) reductions. This equipment allows households to see device-specific

8Eligible households were those that were in or near a major metropolitan city for which it
was feasible for utility-partnered electricians to install load control equipment; homeowners; not
in condos or apartments; had at least one month of historical electricity consumption data as of
September 2021; and had at least one controllable electrical device (level 2 electric vehicle charger,
electric baseboard heater as the primary heat source, and/or an electric hot water tank).

9We can observe if a household independently installs its own equipment and links it to the
Utility’s App. Only 3 (out of 242) Manual households installed equipment independently. These
3 all installed smart thermostats that allow the monitoring and remote control of the household’s
electric baseboard heaters.
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electricity consumption and turn on and off devices remotely via the App. While

the Tech program households are equipped with load control technology to ease their

effort in responding to events, they still must take an active action to do so via their

phone’s App. See Appendix B.2 for detail on the experience that participants had

with the App, by program. Both the Manual and Tech programs allow us to test

the efficacy of an active-response-requiring approach to demand-side flexibility—one

without and one with enabling smart technology, respectively.

The Central program received the same equipment installed in their homes as

the Tech program. However, during an event, the passive setting for Central program

participants was for the Utility to manage their load-controlled devices by reducing

electricity consumption. That is, without any active response, the Central program

participants would reduce consumption via demand management initiated by the

Utility. For example, during events, their thermostat temperature is automatically

reduced, EV charging is delayed, and/or the water heater is turned off. Central

program households needed to actively choose not to respond to an event (i.e., select

out of utility management) by pushing a button on their App. The Central program

allows us to examine the efficacy of centralized demand management and, as compared

to the Tech program, the difference between having to take active action during

an event versus passively responding by conceding control to a third party.10 It

is important to note that the Central, Manual, and Tech programs had symmetric

information about their real-time usage which could be observed within the App.

Finally, we have two groups of households that serve as never-treated baselines

throughout the study. One is a Control group that receives no intervention or

messaging regarding the experiment after joining the utility’s App. Another is an

Info group that is identical to the Control group, but these households have access to

real-time consumption information for their home via the App after they accepted and

installed a device provided by the Utility. Both of these never-treated groups do not

receive peak events or financial incentives. We passively monitor their consumption.

While households outside of the Control group needed to accept being in each

program, the final sample of participating households are representative of those that

utility companies are likely to be interested in until such time that demand response

10Customers in the Central program received advanced notifications of events just as other program
participants, and the language of the notifications reminded them that the Utility would manage
their devices. See Appendix B.1 for event notifications for each program. They had the option to
opt-out of utility management for all devices ahead of an event or for individual devices during an
event. These options are described in Appendix B.2.
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programs serve as the default.

2.4 Acceptance

Table 2 summarizes the number of households invited and the acceptance rates for

each program offer. Acceptance rates among all programs were high. In particular,

the acceptance rate for the Central offer was 42%, and only marginally different than

the acceptance rate for the Tech offer (48%). An equality of means test between these

two values yielded a p-value of 0.072. Compared to Tech and Central, the Manual

program had a statistically significantly higher acceptance rate of 59%, followed by

the Info-only group at 68%.11 Finally, Control had 100% acceptance because their

participation was not subject to an offer. The acceptance rates of the Central and

Tech programs were lower than the others due in part to the need for load controllers

to be successfully installed in households that accepted these offers.12

Table 2. Program Acceptance by Program

Central Tech Manual Info Control
Invited 423 382 409 259 188
Accepted 177 184 242 177 188

Percent Accepted 42 48 59 68 100
(49) (50) (49) (47) –

Notes. “Invited” reflects the number of households invited to participate in the experi-
ment, by program. “Accepted” is the number of households that accepted our offer and
made it through the equipment installation process (as applicable, by program). “Percent
Accepted” displays acceptance rates relative to the number of households invited; stan-
dard deviation for the Accepted indicator variable are reported in parentheses.

We take the similarity among final acceptance rates between the Central and Tech

programs as the first set of evidence that we can compare our estimated treatment

effects between these programs. While the Manual program had a higher final ac-

ceptance rate, concerns that the Manual program participants systematically differ

from those of the other two programs are mitigated based on a comparison of ob-

servable characteristics across programs in our final sample, as are concerns about

differences in the composition of households invited to each program. See Appendices

11Like the Manual program, the Info group required actively accepting the offer to join the exper-
iment and installing a device that facilitates the monitoring and reporting of real-time consumption.

12We observed unsuccessful installation at households that initially accepted these offers due to,
for example, households never responding to subsequent inquiries to receive and install equipment
or households not being in compliance with local electrical codes to allow installation of devices.
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A.2 and A.3 for a detailed discussion of balance using pre-treatment data. We address

concerns over selection further in Section 4.4.

Figure 1. Experimental Design Summary

Potential recruitment pool (n=9020)

Eligible participant pool (n=1661)

Central
n=177

Tech
n=184

Manual
n=242

Info
n=177

Control
n=188

Never-treated

423 382 259 188

Signifies randomized household treatment event (“peak event”)

Non-event day

409

Event timing: Morning (7-10 am) Evening (5-8 pm)

Event type: Normal High

Notes: Dots represent individual household-days. Treatment events are indicated by filled dots,
which are randomized at the household level, i.e. running vertically in this diagram. Dashed
contours on treatment events indicate morning events, solid contours indicate evening events. Grey
fill indicates “normal” event types and darker fill indicates “high type” (i.e. larger incentive) events.

Figure 1 provides a summary of our experimental design, starting with our initial

recruitment and eligible participant pools, and subsequent allocation and acceptance

into our demand response programs and never-treated groups. Next, we illustrate our

within-subject design with a column of dots for each household (limited to four per

program here, solely for exposition), with each dot representing a day in the exper-

iment and shaded dots indicating randomly allocated peak events. Event variants,

such as normal versus high reward days and morning versus evening events, are indi-

cated based on the color and line type of the shaded dots. This figure highlights how

the randomly allocated peak events occur on different days for the treated households,
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although the distribution of events (and variants) is similar across households. We

leverage this within individual randomization in our identification strategy outlined

in Section 4 to identify the average treatment effect of peak events on the popula-

tion of households that accepted participation in our demand response programs. We

further evaluate if responses vary by peak event type (i.e., morning, normal evening,

high evening) by program.

2.5 Data Description

For all households in our experiment, we track hourly household-level consumption

(in kWh) from October 1, 2020 until June 30, 2023. We also have information on

a number of household characteristics, such as household appliances, that were pro-

vided through survey responses as a necessary condition to enter the first phase of

our recruitment process. In addition, the Utility provided supplementary household

information, including the type of dwelling (e.g., single-family/duplex, row home)

and an approximate geographical location.

We have access to hourly consumption (in kWh) for installed load controllable

devices at households enrolled in the Central and Tech programs. We are also provided

time-stamped information on household interactions with the Utility’s App at the

daily level for the Central, Tech, and Manual program households. The App data

also include opt-out behavior for the Central program households allowing us to see

if they override automated control during peak events. We use these supplementary

data to better understand the types of behavior and consumption adjustments made

during peak events.

We complement the detailed household-level data with demographic information

from the 2016 Canadian Census (Statistics Canada, 2021a). We are provided a house-

hold’s Census Dissemination Area (CDA) identifier; the CDA is the most granular

geographical unit for which all Census information is provided publicly. We collect

hourly weather information to control for environmental factors that impact elec-

tricity consumption, including temperature and humidity at three stations that are

geographically representative of the households located in our study.13 These data

were accessed at Environment and Climate Change Canada.

In the last month of the experiment (mid-June 2023), we conducted an addi-

tional survey that contained questions on participants’ experience with their respec-

tive demand response program. We provide a subset of questions from the survey in

13We match the households in our sample with their closest weather station.

13



Appendix D.1. We use these survey responses in our analysis in Section 6.4.

3 Descriptive Results

We begin our analysis with descriptive evidence that participating households reduce

their electricity consumption during peak events and show how this response differs

across demand response programs. Figure 2 provides average hourly household-level

consumption for the Central, Tech, and Manual programs for the entire sample period

during non-event (solid lines) and event (dashed lines) days. The shaded regions

reflect the relevant event hours for each event type.

Figure 2a demonstrates that the Central program had a large reduction in average

consumption during events regardless of the event type. After each event, we observe

a large spike in consumption. This “snap-back” is consistent with the devices turning

on immediately after the event (e.g., to reheat the water tank and/or home, or restart

EV charging).14 Comparing High Evening to Evening event consumption, we see no

discernible difference in response to this higher reward.

Figures 2b and 2c demonstrate that the Tech and Manual programs show negligible

changes in average consumption patterns during events. This limited observable

response for the Tech program arises despite the fact that this program has access to

the same equipment as the Central households. However, unlike the Central program

where changes are automated, the Tech households must actively engage with the

App or device to turn off the same appliances during an event.

Taken together, these descriptive results suggest that the Central program has a

considerably larger response to each event type. Further, we see no visual evidence

of greater performance for greater financial rewards. Rather, the largest difference

appears to be whether the household is in a passive versus active response-required

program.

14 Because we are interested in event-induced demand flexibility during peak event hours, not en-
ergy efficiency, we are unconcerned with demand being shifted to another time. However, based on
conversations with the Utility, the new problematic peaks in demand created by the observed snap-
back could be mitigated by the Utility staggering the beginning and/or end of the load-controlled
event across households or only partially adjusting the demand levels on controllable devices. Man-
aging the “snap-back” or “shadow peak” from demand response is an important area for further
research. See, e.g. Bailey et al. (2025a); Turk et al. (2025) for further discussion of this issue.
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Figure 2. Average Household Consumption
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Notes: Figure plots mean household consumption by hour and demand response program on week-
days, on event days and non-event days over the period February 1, 2022 - June 30, 2023. Event
days are separated by type: Morning, Evening, and High-Evening. The shaded area represents the
relevant 3-hour event period.
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4 Empirical Framework

We begin by presenting our program-level regression specification that includes all

households and programs, using random variation in peak event timing both across

and within individuals. We then present a regression specification that leverages our

within-subject design to estimate household-specific responses to peak events. This

provides insights into response heterogeneity within a demand response program. We

conclude by discussing the assumptions underlying our identification strategy and

summarize a series of extensions and robustness checks to evaluate them.

4.1 Program-Level Regressions

We estimate the average treatment effect of peak events by comparing electricity

consumption for households facing a randomized peak event to those who, contem-

poraneously, are not, using the following model at the household i and hour t level:

ln(cit) =
∑

j∈{C,T,M}

(
βj Programji · Eit + γj Programji · Spilloverit

)
+αi + τt + δXit + εit (1)

in which ln(cit) is the log of household electricity consumption, Programji is a cat-

egorical variable for which demand response program the household i is enrolled in

(e.g., Central [C], Tech [T], or Manual [M]), and Eit is the household-specific event

indicator that equals one if the household is (randomly) assigned an event in hour t.

Spilloverit is a vector that includes pre- and post-event indicator variables that equal

one if hour t is two hours prior to and after a peak event, and zero otherwise.15 These

variables capture potential pre-event adjustments or post-event “snap-back” effects as

devices turn on. A key advantage of this model is that it allows us to readily test for

differences in responsiveness to events across the three demand response programs.

We use the log of household electricity consumption on the left-hand side to account

for the right-skewed nature of consumption.16

We include αi, household fixed effects, which control for time-invariant household

characteristics. We also include τt, an hour-of-sample fixed effect, which controls for

time-varying factors that impact consumption. Household electricity consumption

15We considered a range of pre- and post-event period lags from 1 to 4 hours. Our results are
robust as we vary the spillover window.

16Our results are robust to functional form; our key conclusions remain with a linear specification.

16



varies with local weather conditions (especially due to thermostat settings). To con-

trol for this, we include Xit, a vector of hourly weather controls that include the

relative humidity and cooling degrees and heating degrees above and below 65◦ F

(18.33◦ C). Since consumption behavior may vary with weather conditions in a non-

linear way, we include a flexible functional form with a polynomial up to the third

degree for each weather-related covariate. εit is a mean zero error term. We cluster

standard errors at the household level.

We also consider a version of this regression specification where the event indi-

cator variable, Eit, is adjusted to be a categorical variable for the three potential

event-types: Morning, Evening, and High Evening. This analysis allows us to evalu-

ate if households’ responses to events differ by time-of-day and the financial reward

for responding, in the case of Evening compared to High Evening events. In this ex-

tension, we have separate pre- and post-event spillover control variables for the hours

surrounding morning and evening event windows.

Our main parameters of interest are βj for j ∈ {C, T,M}, which measure the

change in household-level electricity consumption during peak events for each of the

Central, Tech, and Manual demand response programs. Because of our log-linear

specification, we transform our estimates to report the percentage change in hourly

consumption during an event via 100× (exp(β̂j)− 1).

Our analysis compares event time consumption to non-event-time consumption

of households in the same program, other programs, and never-treated households.

This relies on the assumption that the households in the never-treated groups and

other programs provide a valid counterfactual on non-event days. We examine the

sensitivity of our estimates to the choice of non-event comparators, beginning with the

most restrictive set—households within the same demand response program only—

then augmenting the comparator group to include the never-treated households, and

finally comparing against all treated and never-treated households. This robustness

to different comparator groups is assessed in more detail in Section 5.3.

4.2 Household-Level Regressions

A unique feature of our setting is our ability to estimate household-level treatment

effects from within-subject variation by leveraging the randomized event timing. This

allows us to examine heterogeneity and distribution of event responsiveness across

households, and to explore factors associated with household-level responsiveness that

speak to the role of attention and effort/time allocated to responding to events.

17



Separately for each household i in the demand response programs, we estimate a

household-specific treatment effect using the following model:

ln(cit) = µi + βi Eit + γi Spilloverit + Tt + δiXit + ηit (2)

where, analogous to above, ln(cit) is the log of household electricity consumption, Eit

equals one when household i has an event in period t and zero otherwise, Spilloverit is

a vector of indicator variables that equal one for two hours pre- and post-peak events

and zero otherwise, and Xit includes the same set of temperature controls as the

specification in Equation (1). In this specification, Tt is a set of time fixed effects that

includes day-of-week, hour-of-day, and year-month to capture time-varying factors

that impact consumption.17 ηit is an error term, and we use heteroskedastic robust

standard errors.

The regression in Equation (2) estimates a separate β̂i for each household in

our experiment. The household-level regression compares consumption during event

hours to non-event hours within the same household, conditional on time-based fixed

effects and weather variables. Similar to the approach in our program-level estimation,

we also consider a specification that allows for differential responses by event type

(i.e., Morning, Evening, and High Evening). In this extension, we have separate

pre- and post-event spillover control variables for the hours surrounding morning

and evening event windows. We transform our household estimates to report the

percentage change in hourly consumption during an event via 100× (exp(β̂i)− 1).

4.3 Identification

Our framework falls within the literature on experiments that leverage “within-

subject” variation (Charness et al., 2012; Bojinov et al., 2021; List, 2025). These

designs involve a treatment of interest (i.e., peak events) that varies in time within

a given subject. This differs from designs that use a common one-time treatment

and between-subject variation to identify treatment effects. List (2025) articulates

the key identifying assumptions that arise in this context and categorizes them as

17We cannot include an hour-of-sample fixed effect in the household-level regression because it
would absorb the variation we are using for identification in this specification. Appendix C.6 presents
results where we estimated our program-level specification in Equation (1) using this less granular
set of fixed effects. The results closely reflect the estimates reported below. Appendix C.6 also
demonstrates that our results are robust to alternative more granular calendar fixed effects at the
year-month-hour-of-day level controlling for household-specific consumption schedules that are un-
related to peak events.
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balanced panel, temporal stability, and causal transience. We address each in turn

below; the corresponding empirical tests and robustness checks associated with each

are presented in Section 5.3.

First, the balanced panel assumption requires subjects to remain in the study for

all periods of the experiment and their outcomes to be observable. Attrition that

impacts the balanced panel assumption can arise through two primary channels in

our setting: (i) households explicitly request to leave the experiment or (ii) households

close their utility accounts because they move. In either case, they are unenrolled

from our experiment and their data are no longer observable.

Second, temporal stability rules out time-varying factors that are unrelated to

the peak event itself, but could affect a household’s estimated response to a peak

event. Examples in our setting could include seasonal occupancy changes, changes

in work-from-home patterns, and/or the adoption of new appliances (e.g., an EV) or

the removal of appliances. Such changes can lead to adjustments in electricity usage

in peak event and non-peak event hours, possibly differentially, leading to the within-

subject design effectively comparing a different household pre- and post-change.

Third, the causal transience assumption in our setting requires that the effect of

each peak event does not persist over time. This assumption implies that there are no

“carryover” effects from previous treatments, the sequence of events does not impact

behavior, and there is no sensitization (or desensitization) effect that could arise by

being exposed to multiple treatments.18

In addition to these within-subject-specific assumptions, our experimental frame-

work has several additional features relevant for identification. By randomizing events

within an individual, events are not correlated with other drivers of household electric-

ity consumption. We include weather controls to ensure that our estimated average

treatment effects can be interpreted as weather-agnostic.

4.4 Estimand and Compliance

Our empirical framework provides estimated average treatment effects to peak events

by program for households that accepted the demand response program offers. We de-

fine compliance as a household being assigned a randomized peak-event notification,

irrespective of whether the household responds to the notification and/or permits

18 List (2025) categorizes different types of within-subject designs depending on their threats to
the temporal stability or causal transience assumptions. We view our analysis as having a relatively
low threat of temporal stability, but a higher difficulty in satisfying all aspects that are entailed
within the causal transience assumption, landing our analysis into the Overt design category.
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automation in the Central program. The extent to which households respond to a

peak event notification, and permit centralized utility control where applicable, is our

primary feature of interest. Consequently, there is no non-compliance of our treat-

ment of interest for households that are enrolled and remain in our experiment, and

our design produces well-identified estimates of responsiveness among the population

of participants. We address questions on the generalizability of these estimates in

Section 7 on external validity.

5 Empirical Results

5.1 Program-Level Treatment Effects

Figure 3 provides the estimated average response to events by program as a percent-

age change in household-level consumption using the specification in Equation (1).

We observe an average 26% reduction in consumption during events for the Central

program. In contrast, the Tech and Manual programs reduced demand by approxi-

mately 5% on average during events.19 Both of these effects are statistically different

from zero. Even though the Tech program had the same equipment as the Central

program, it demonstrated a much lower response to events. Additionally, the average

response for the Tech and Manual program are not statistically different.20

Recall that participants in the Central program have the ability to opt-out of

events using the App. We observe an opt-out rate of only 4% for these participants.

When taken together with the results for the Tech and Manual programs, this low

opt-out rate suggests that the large reductions for the Central program are driven in

large part by allowing utility management of their devices during events.21

These results align with the descriptive data presented in Section 3 that suggest

households in the Tech program did not use the load controller equipment to the

same extent as the Central program. These results indicate that the installation of

technology in the Tech program that enables remote control of household devices is

19The estimates from our Tech and Manual programs at roughly 5% are comparable to recent
findings from Bernard et al. (2026) who find an average effect of 6.8% amongst over one million
households who signed up for a behavioral demand response program in the United Kingdom.

20These main program-level results are estimated using all households for non-event comparators,
including never-treated households, but are robust to varying the comparator households, including
a restrictive version that only includes within-program households. Detailed robustness results can
be found in Appendix C.3.3.

21Notably, when consumers opted out of central management, they generally did so for their
thermostats: 90% of device opt-outs occurred by households adjusting thermostats during events.
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Figure 3. Average Estimated Treatment Effects of Participants by Program
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Notes: The reported results are program-specific marginal effects calculated from estimating β̂j in (1)
for j ∈ {C,M, T}. We present the marginal effects to be a percentage change in consumption using

the transformation 100 × (exp(β̂j) − 1). Vertical lines indicate 95% confidence intervals. Standard
errors are clustered at the household level.

likely to be insufficient to resolve the time allocation/effort barrier that limits the

provision of demand flexibility. In contrast, centrally managed demand response that

flips the default from an active to passive response, thus requiring minimal-to-no

effort by the consumer, results in large demand reductions. We present additional

evidence using device-level usage data in Section 6.3 to support these findings.

In Appendix C.13, we present results for the pre-event and post-event spillover

effects. Consistent with the descriptive results in Figure 2, we find evidence of a

sizable “snap-back” post-event for the Central program. There is no evidence of

spillover effects for the Tech or Manual programs. Using device-level data, we find

the largest post-event increases in usage arise from the Central program’s hot water

heaters followed by thermostats, with no evidence of a snap-back from EVs.

In addition to randomized event timing, we also randomize event types, varying

both the time of the event and the financial reward for reductions. This allows us

to estimate how consumers respond to different price incentives and event times.

Figure 4 presents the estimated response to events allowing for differential responses

by event type. For the Central program, we see a large demand reduction for all event

types, with an approximate 27% reduction during morning events, 25% during evening

events, and a 27% average reduction during high evening events. This indicates that

the Central households allowed central management of demand during both morning

21



and evening times. It also indicates that they were not distinctly more responsive to

the greater incentives offered during the High Evening events.

Figure 4. Average Treatment Effect of Participants by Program and Event Type
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Notes: The reported results are program- and event type-specific marginal effects calculated from
estimating β̂j in (1) for j ∈ {C,M, T}, adjusted to allow for event-type interactions with the pro-
gram indicator variables Programji. We present the marginal effects to be a percentage change in

consumption using the transformation 100 × (exp(β̂j) − 1). Vertical lines indicate 95% confidence
intervals. Standard errors are clustered at the household level.

During the Evening and High Evening events, the Tech program reduced its de-

mand by approximately 6 to 7%, while the Manual program had a 4 to 5% estimated

reduction in demand during these event types. These effects are statistically different

from zero. The Evening and High Evening Tech and Manual program effects are not

significantly different from each other, when compared within each event type.

Looking at Morning events, we find the Tech program response is not statistically

different from zero. This differs significantly from the Manual program, which had an

average estimated reduction of 8% during the Morning events. However, these results

are sensitive to the inclusion of more granular fixed effects. When we include flexi-

ble household by hour-of-day fixed effects, both programs’ estimated Morning event

responses are significantly different from zero, but not different from their estimated

Evening and High Evening event responses (see Table C17). The other within and
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across demand response program conclusions drawn from Figures 3 and 4 summarized

above persist under this alternative specification.

We now consider the effect of the magnitude of incentives on responsiveness. For

all programs, the change in consumption during High Evening events, where the

reward for reductions was larger, is slightly more negative than for regular Evening

events. However, none of the differences were statistically significant. This result is in

line with the idea that the main barrier to demand responsiveness may have less to do

with the scale of financial rewards and more to do with the hurdle of the opportunity

costs of time/effort.22

That said, participants were only eligible to receive $1 more for achieving a 30%

reduction in electricity use during a High Evening vs. Evening event. The reward

for achieving a 50% reduction was doubled ($6 vs. $3). It is possible that a larger

scaling of incentives could induce a greater response. However, given our rewards fall

in the range of wholesale price caps observed in practice, it is unlikely that incentives

provided in a real-world setting would be considerably larger than the amounts we

provided.

Next, we investigate if there are heterogeneous responses to events over the du-

ration of our 17-month experiment. Figure 5 presents the estimated peak event

treatment effects, allowing for differential effects across three phases of the experi-

ment corresponding to roughly 6-month intervals that capture an early, middle, and

end-phase of our experiment. For all demand response programs, we see a tapering

in the estimated peak event response over time. For the Central program, there is a

reduction from an estimated 30% effect during Phase 1, to approximately 23 to 24%

during the latter two phases. For the Tech and Manual programs, we observe a sim-

ilar tapering in the estimated peak event responses, with effects also stabilizing after

Phase 1 to an approximate 4 to 5% reduction in demand. However, these differences

are only significantly different from Phase 1 for households in the Manual program.23

While there is evidence of a modest reduction in responsiveness over time across

22This result persists despite observations raised by List (2025) that in a within-subject experi-
ment, sensitization can lead to within-subject designs having elevated price-elasticities compared to
a between-subject design. Further, the rewards in our experiment were quite salient as they were
published within the App’s “rewards screen” after each event (see Figure B8). One interpretation
of these results is that it further illustrates the importance of automation to overcome key barriers
to demand response in a setting with small-payout decisions.

23Figure C2 provides month-specific estimates of peak event responses by demand response pro-
gram. These estimates parallel the findings in Figure 5, finding a modest reduction in the estimated
response to peak events in the first couple of months of our experiment, with a lower degree of
precision due to the large number of estimated coefficients.
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Figure 5. Average Treatment Effect of Participants by Program and Phase
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Notes: The reported results are program-specific marginal effects calculated from estimating β̂j in
(1) for j ∈ {C,M, T}, adjusted to allow for Phase interactions with the program-event indicator
variables Programji · Eit. We consider three phases: (1) February 2022 - July 2022, (2) August
2022 - January 2023, and (3) February 2023 - June 2023. We present the marginal effects to be

a percentage change in consumption using the transformation 100 × (exp(β̂j) − 1). Vertical lines
indicate 95% confidence intervals. Standard errors are clustered at the household level.

each of demand response programs, our key conclusions persist. For any phase of

our experiment, the Central program’s estimated peak event response is roughly 4

to 5 times larger than the Tech and Manual programs, with the latter two programs

achieving similar estimated peak event demand reduction levels. For the Central

program, the decline could be driven in part by behavioral changes where households

were undertaking additional effort to reduce demand above the automated devices

during the first phase of the program, or possibly for technical reasons related to the

loss of connectivity of load controllers over time. For the Tech and Manual programs,

the modest decline in the estimated response could be driven by fatigue, reduced

effort to respond, and/or increased inattention.

The causal transience assumption outlined in Section 4.3 requires that there are

no sequence-dependent effects of peak events. While there is evidence of a modest

change in the estimated treatment effects in the first couple of months, the richness in
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our empirical framework allows us to empirically disentangle these effects and provide

distinct estimates of the event treatment effects over time (see Section 5.3 for further

discussion).

5.2 Household-Level Treatment Effects

Figure 6 presents histograms of household-level treatment effects by program, esti-

mated as per Equation (2). We observe that the Tech and Manual programs’ treat-

ment effects are tightly distributed near zero. On average, households in the Tech and

Manual programs reduce their consumption during events by 4.6% and 4%, respec-

tively. This corresponds closely to the estimated program-level treatment effect in the

previous section. Only 20% and 18% of the estimated treatment effects are negative

and significant at the 5% level for the Tech and Manual programs, respectively.

Figure 6. Household-Level Estimated Treatment Effect Histograms by Program
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Notes. The reported results summarize the distribution of estimated household-level treatment
effects obtained from estimating specification (2), separately by demand response programs. The
histogram presents the proportion of observations that fall within a specific bin’s range. We present
the marginal effects on the x-axis to be a percentage change in consumption using the transformation
100× (exp(β̂i)− 1).

Despite the fact that the Tech program has enabling devices, the distribution of

their estimated treatment effects closely resembles that of the Manual households.

In both programs, we observe a long left tail, indicating that there is a subset of

households exhibiting large responsiveness. This is striking, as even though the Tech
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and Manual programs have similar mean responses when looking across all house-

holds, we might expect that the Tech program would contain a subset of households

with higher household-specific event responses given their ability to remotely control

their hot water heaters, EV chargers, and/or thermostats during events.24 There is

only modest evidence to support this; the Manual households’ estimated effects are

more tightly distributed near zero. We dig into the heterogeneity across households,

particularly the small subset of high performers, in more detail below.

Figure 6 also re-confirms the larger response from households in the Central pro-

gram. The average household-level treatment effect is a reduction of 24% during

events for households in the Central program, closely reflecting the estimated effects

in the program-level regressions. There is a range of household estimates in the Cen-

tral program, consistent with the fact that there is variation in controllable devices

and heterogeneity in the use of these devices during event hours. However, only the

largest estimates in the Manual and Tech programs achieve reductions that are in the

range that is typical in Central. In contrast to these programs, 80% of the Central

household-level estimates are negative and precisely estimated.25

Figure 7 plots the distribution of the standard errors of the estimated household-

level treatment effects separately by demand response program. These results demon-

strate that while the Central program has a slightly lower standard error on average,

the distributions are similar across all three programs. The similarity in the pre-

cision of the estimates, combined with the average treatment effects noted above,

suggest that the Central households are consistently large responders to events, while

the Manual and Tech households are consistently low responders.26 These findings

provide important policy implications because they suggest that in addition to hav-

ing larger estimated reductions in consumption during events, the Central program

provides a reliable source of demand-side flexibility. Appendix C.8 provides addi-

24 We note that we cannot rule out the possibility that Manual program households were using
other non-Utility Apps to respond to peak events. However, as will be shown in Section 6.3 below,
we present evidence that Tech program households were not broadly using the Utility’s App to
respond to peak events by adjusting usage on the installed load controllers. The comparability of
the Tech and Manual estimated demand reductions suggests that households in either program were
not broadly leveraging App-enabled appliances to respond to peak events.

25Appendix C.7 estimates household-level treatment effects by program and event type. We
continue to find no evidence of a larger response to the elevated incentives during high peak events.

26There are several large standard error estimates for the Manual program. This small subset
of households has an average consumption reduction of 8.4% during events, more than double the
average household treatment effect for the Manual program of approximately 4%. This impreci-
sion could reflect inconsistent responses across events, or it could also arise from an evolution in
responsiveness as the households gain experience with the program.
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tional empirical evidence demonstrating the consistency in the responses to events by

demand response program throughout our experiment.

Figure 7. Standard Errors of the Household-Level Estimated Treatment Effects by
Program
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Notes. The reported results plot the standard errors of the estimated household-level treatment
effects from specification (2), separately by demand response programs. The histogram presents the
proportion of observations that fall within a specific bin’s range.

5.3 Identification, Selection, and Robustness Results

In this section, we summarize the results of empirical tests and robustness checks

that address each of the key assumptions outlined in Section 4.3, as well as potential

selection concerns. We present additional details on each and an array of robustness

checks and sensitivity analyses in Appendix C.

Balanced Panel

Attrition in our 17-month experiment is relatively low and gradual with rates in the

range of 4.5% - 7% across our programs and never-treated groups (see Table 3 and

more detail in Appendix C.2). We find no evidence of statistically different attrition

rates across the programs. With few exceptions, attrition arose from households

that moved and closed their utility accounts rather than requesting an exit from

the program.27 We interpret this form of attrition as being independent from the

27This can be directly observed by the 6.9% attrition rate among the pure Control households
who experienced no intervention and we simply received their data.
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households’ experience with the program. To evaluate the implications of attrition

on the balanced panel assumption, in Appendix C.2 we run versions of our analyses

with our full sample and the balanced sample that removes households that attrited.

Our results are robust across the two samples.

Table 3. Final Attrition Rates by Program

Central Tech Manual Info Control
Final Attrition (%) 6.21 4.89 4.55 6.78 6.91

Notes. Final attrition (%) represents the percentage of initially enrolled
users that unenrolled by the end of our experiment.

Temporal Stability

We extend our household-level regression by considering a specification that includes

fixed effects at the year-month-hour-of-day to further absorb time-varying factors that

impact not just the level of consumption, but also the patterns of consumption over

the day within a household. Although these specifications do not directly capture

discrete unobservable events that could occur within a month, they help absorb large

changes that could occur at a point in time and lead to persistent changes in aver-

age household-level consumption differentially throughout the day (Appendix C.6).

Additionally, household-specific time-varying changes that could affect temporal sta-

bility are likely to be idiosyncratic in nature and therefore would not be expected

to occur differentially across demand response programs. As a result, such changes

are less likely to confound the identification of differences in peak event responses

across programs. Finally, we extend our regression specifications to allow for het-

erogeneous treatment effects over time (Figure 5; Appendix C.1.3). While this does

not directly control for threats to temporal stability, it provides insights into how the

estimated responses to peak events have changed over time. The main result, that

Central households reduce consumption by roughly 5 times that of Tech and Manual

households, persists across all periods of the experiment.

Causal Transience

There can be carryover if households systematically adjust their consumption in event

hours even on days when there is no peak event after they start to receive them. This

could be broadly characterized as a form of habit formation. In Appendix C.1.1, we

test for this behavior by evaluating whether households adjusted their consumption
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during the event windows on non-event days in the post-treatment period, relative to

the never-treated households, and find no evidence of persistent carryover behavior.

Another concern could arise if households responded differently to an event based on

the number of days between being exposed to an event, or if the prior event was a

morning, evening, or high-evening event. In Appendix C.1.2, we find no evidence of

differences in peak event responses on these two sequence-based margins.

Finally, households could change the extent to which they respond over the course

of the experiment. For example, households could begin by responding strongly to

peak events, but their response could decline over time as their willingness to exert

effort/attention to events declines, or if there are any technical challenges with the

installed equipment. The analysis of responsiveness by phase of the experiment in

Section 5.1 (Figure 5) shows a modest reduction in responsiveness between the first

and second phases, with effects stabilizing thereafter. Appendix C.1.3 supplements

this with household-level dynamic effects and an analysis of event opt-out behavior

over time for the Central program. Again, while there is some evidence of a modest

change in the estimated treatment effects in the first couple of months, the effects

stabilize throughout the remainder of the experiment.28

Selection

Our estimates reflect the average treatment effect of peak events among households

that accepted a program offer. Thus, a relevant concern is selection into the pro-

grams, rather than non-compliance affecting identification (Section 4.4). Appendix

C.3 presents several analyses to address concerns over sample selection that can arise

because of differential acceptance of demand response program offers.

First, we perform an Intention-to-Treat (ITT) analysis to estimate the effect of

program invitation on event-time consumption, including households that did not

accept the invitation to participate (Appendix C.3.1).29 Because households that

did not join a program did not subsequently receive the (randomized) peak events,

we assign them a distribution of “synthetic” events matching that of participating

households. As expected, the ITT analysis attenuates our main estimated average

treatment effects downward; it effectively assigns a noisy zero estimated treatment

28In regards to the extent to which Central event opt-out behavior varies over time, with the
exception of the first week of events, we find limited evidence of systematic changes in opt-out
behavior over time. Rather, opt-out behavior is more closely tied to seasonality, likely reflecting the
fact that device opt-outs primarily occur via baseboard thermostat overrides.

29More specifically, the ITT estimates the overall impact of a program offer on demand response
to events and leverages the randomization of households into the initial program offers. It therefore
does not suffer from the same selection concerns.

29



effect to the households that were invited but did not join a specific program of-

fer. While the ITT estimate has a different economic interpretation than our main

specification, our key conclusions comparing the relative magnitude of the estimates

across programs persist: the Central program peak event response is statistically and

economically significantly larger (by at least three to four times) than the Tech and

Manual programs, which have similar magnitudes to each other.

Second, we perform a bounds analysis that serves as a lower bound on the gap

between the Central program estimate and those from the other programs (Appendix

C.3.2). We estimate what the average response to peak events for the Central program

would be, assuming their acceptance rate was equal to that in the Tech or Manual

programs, but the additional households that would have joined to equalize those

rates had zero response to peak events. This puts downward pressure on our estimated

average peak event response for our counterfactual Central program, leading to an

estimate of -19% (-23%) when adjusted by higher Manual (Tech) acceptance rate.

This compares to the point estimate of -26% in Figure 3. Despite the rather extreme

assumption that those who did not enroll would show zero responsiveness if they

otherwise had enrolled, differential selection rates cannot explain away the differences

in our main estimates across the programs.

Finally, our program-level analysis compares event-time to non-event-time con-

sumption of households in the same program, other programs, and never-treated

households, relying on the assumption that these groups provide a valid counterfac-

tual on non-event days. In Appendix C.3.3, we vary the set of non-event comparators

to test the robustness of our results. We start with the most restrictive set: limit-

ing the analysis to be solely within each demand response program and excluding

the never-treated households. This restrictive specification ensures we are only com-

paring behavior across participating households within the same program. Next, we

augment the comparison group to include never-treated households, i.e. those in the

Control and Info groups, as non-treated comparators. Finally, we pool all partici-

pants and never-treated households to run a regression comparing those receiving a

peak event to all households not receiving a peak event at the same time. We find

our results to be robust to these specifications, suggesting that potential differential

selection into programs is not driving our key conclusions.

Statistical Inference

Throughout our analysis, we conduct a large number of statistical tests. This can

raise concerns of false positives because of the large number of null hypotheses being
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tested. In Appendix C.4, we carry out multiple hypothesis testing corrections to

address these concerns using False Discovery Rate (Benjamini et al., 2006) and the

more conservative Familywise Error Rate (List et al., 2019, 2023). Our levels of

significance and qualitative conclusions remain.

To evaluate the potential role of increased statistical power, in Appendix C.5

we follow List et al. (2024) and include baseline household-level information on pre-

treatment consumption patterns and household appliances. Consistent with their

results, we find that the inclusion of this information increases precision of our esti-

mates. Although, the estimates and precision lead to the same conclusions as in our

main analyses.

6 Mechanisms

Our results have focused so far on estimated treatment effects by demand response

programs. Our main results suggest that active versus passive response and the

associated differences in effort and attention play a key role in delivering demand

flexibility. Participants in the Tech and Manual programs, both requiring active re-

sponses to financial incentives, reduced electricity much less on average during events,

with similar behavior across the two programs. Our household-level estimates paral-

lel these findings, but find that there is heterogeneity in responsiveness within each

program.

Several natural and important economic questions arise from these analyses: What

drives these differences across the three programs, and heterogeneity within each pro-

gram? Is it driven primarily by differences in the proportion of households responding,

or by a divergence in the amount responding households adjust their consumption?

What behavior underlies the differential responses to events of the Central compared

to the Tech programs, given they have the same load-control technologies? What

devices are associated with the largest reductions?

In this section, we present results to address each of these questions. We begin

by leveraging a principal stratification framework to disentangle differences across

programs into two components: differences in the likelihood of responding to peak

events at all and, conditional on responding, differences in the magnitude of demand

reductions. Second, we leverage App interaction data during events to analyze the re-

lationship between the frequency of engagement with the App and household-specific

estimated treatment effects. This provides insights into the role of attention and ef-
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fort, and how it relates to the heterogeneity in event responsiveness we observe in our

household-level estimated treatment effects. Third, we use device-level usage data to

better understand the adjustments behind the observed demand reductions. These

device-specific results also provide intuition into the potential private costs (e.g., dis-

comfort) that was induced by these adjustments. Fourth, we present data from an

exit survey that included self-reported income and the stated value of event partici-

pation to look at the correlation between these measures of a household’s opportunity

cost of time/willingness to exert effort and its estimated response to peak events.

6.1 Decomposing the Consumption Response

Our headline estimates combine two distinct margins for the household’s consump-

tion decision. First, upon receipt of a peak event signal, the household must decide

whether to respond at all (“the extensive margin”). Second, conditional on respond-

ing, the household must decide by how much to respond (“the intensive margin”).

The ultimate consumption response is the product of these two margins. A larger

reduction in demand during peak events can arise because a larger fraction of house-

holds respond, responding households reduce demand by a larger amount, or both

channels simultaneously. This distinction is especially relevant in our setting because

the Central program generates a substantially larger average response than either

the Tech or Manual programs. The question is whether this gap is driven primarily

because automation raises the likelihood of responding at all, or whether it allows

responding households to reduce consumption by more. Our study design allows us

to disentangle these margins and decompose the gap between Central’s large average

reductions relative to the two more active-response-requirement programs.

To do so, we leverage the principal stratification framework (Imbens and Angrist,

1994; Frangakis and Rubin, 2002). Principal stratification classifies households by

their latent response type, where type is defined by post-treatment behavior under

each possible program assignment. The key empirical difficulty is that these types

are not directly observed: for any given household, we only observe behavior under

the program to which it was randomly assigned and to which it accepted, not the

full set of counterfactual response decisions under the other programs. The principal

stratification framework is a way of using the experimental design to recover informa-

tion about unobservable behavior that is policy-relevant. In our setting, the relevant

post-treatment behavior is whether a household exhibits a consistent reduction in

demand during peak events (i.e., they are a “responder” to peak events).
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To conceptualize this in our setting, define Ri(j) ∈ {0, 1} to indicate whether

household i would be a responder to peak events under program j (for j ∈ {C, T,M}).
Let Yi(j) denote the household’s treatment effect under program j, measured so that

more negative values correspond to larger reductions in demand. The estimated

average treatment effect for program j combines two components: the probability that

a household responds under that program and the magnitude of response conditional

on responding: E[Yi(j)] = Pr(Ri(j) = 1)× E[Yi(j)|Ri(j) = 1].30

The principal stratification framework is useful because it gives a structured in-

terpretation for these two margins. We assume that the effort required of household

i to respond to a peak event declines as one moves from Manual to Tech and Tech to

Central, and therefore impose a monotonicity assumption Ri(C) ≥ Ri(T ) ≥ Ri(M).

This assumption rules out response patterns such as households that would respond

in Manual but not in Tech, or in Tech but not in Central.

Under this assumption, each household belongs to one of four latent response

strata, summarized by the vector (Ri(C), Ri(T ), Ri(M)). These are: (i) never-responders

(0, 0, 0), who would not respond under any program; (ii) always-responders (1, 1,

1), who would respond under all three programs; (iii) Tech-induced responders (1, 1,

0), who would begin responding once moved from Manual to Tech; and (iv) Central-

induced responders (1,0,0), who would respond only under the automated Central

program.

We leverage this partition to link observed cross-program differences in response

shares to latent types. Let πA, πT , πC , and πN denote the population shares of

always-responders, Tech-induced responders, Central-induced responders, and never-

responders, respectively. Under the monotonicity assumption, when looking across

all participants in our experiment, the observed share of responders in each pro-

gram has the following interpretation: Pr(Ri(M) = 1) = πA, P r(Ri(T ) = 1) =

πA + πT , and Pr(Ri(C) = 1) = πA + πT + πC .

This relationship implies that the observed responder share in Manual can be

interpreted as the proportion of always-responders (πA); the increase in the responder

share from Manual to Tech reflects the share of Tech-induced responders (πT ); and

the increase from Tech to Central reflects the share of Central-induced responders

(πC). The remaining share of the population consists of never-responders (i.e., πN =

1− πA − πT − πC). Although we do not observe each household’s full latent response

30For simplicity, this equation assumes non-responder households (Ri(j) = 0 for j ∈ {C, T,M})
have an expected zero treatment effect and therefore does not include the term Pr(Ri(j) = 0) ×
E[Yi(j)|Ri(j) = 0].
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type directly, under random assignment and monotonicity, the principal stratification

framework provides us with a framework to infer the population shares of these latent

types from cross-program differences in responder shares.

With this framework in mind, the next step is to leverage our empirical setting

to classify the proportion of households that are responders in each demand response

program, representing the extensive-response margin, and linking this to the principal

strata discussed above. Because we do not observe the underlying latent behavior,

we do not observe whether a household would have been a responder under a specific

program. To overcome this challenge, we implement an empirically-driven approach

to define if a household is a consistent responder to peak events by leveraging our

household-specific estimated peak event responses from Section 5.2. In particular, we

define a responder as a household whose estimated treatment effect during peak events

is negative and significant at the 5% level. This definition captures both the direction

of the estimated household-level response and the degree of statistical evidence that

the response differs from zero. We interpret negative and significant estimates as

evidence of a consistent average reduction in demand across peak events.31

We then estimate the conditional response to peak events among households cat-

egorized as responders. More specifically, we compute the average household-level

estimated treatment effect by demand response program among households deemed

to be responders. Taken together, this provides an estimated decomposition of the

average program-level estimated treatment effect into the underlying extensive- and

intensive-response margins.

Table 4 presents the results of our decomposition exercise. First, we begin dis-

cussing the extensive margin of likelihood of being a responder. Under the principal

stratification framework and the monotonicity assumption above, the 18% responder

share in Manual is interpreted as the population share of always-responders to peak

events. The Tech share of 20% indicates that there is only a 2 percentage point

increase in proportion of households classified to be responders, suggesting that the

Tech-induced responder group is limited. The largest jump arises as we move to the

Central program, where there is an additional 60 percentage point increase reflecting

the share of households classified as central-induced responders. The remaining 20%

31This classification rule should be interpreted as an empirical proxy for the latent response
indicator Ri(d) that is not directly observed. Our empirical responder classification is a proxy
constructed from household-level estimates and is used to approximate the distribution of these
latent response types rather than a full identification exercise of households’ principal strata.
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Table 4. Responder Shares and Average Peak Demand Reduction Among Re-
sponders

Central Tech Manual
Share of Responders 0.80 0.20 0.18
Conditional Response (%) -31.29 -27.11 -22.93

Notes. The reported results present the average household-level estimated treatment
effects from estimating specification (2), focusing only on households deemed to be re-
sponders. Responders reflect households whose coefficient estimates were negative and
significant at the 5% level. We present the treatment effects to be a percentage change in
consumption using the transformation 100×(exp(β̂i)−1). Share of responders represents
the percentage of households within a demand response program that are classified as
responders.

of households can be interpreted as never-responders.32

Second, we determine the magnitude of response, conditional on responding, by

calculating the mean estimated household-specific treatment effect among households

flagged as responders separately by program. We find these conditional responses to

also be larger for the Central program (31%) than Tech (27%) and Manual (23%).33

The difference between Central and both Tech and Manual is significant, while that

between Tech and Manual is not. This pattern is suggestive of a stronger intensive

margin response under Central.

Taken together, these results suggest that Central appears to outperform the other

programs on both margins: it induces substantially more households to exhibit a con-

sistent reduction in demand during peak events, and the households that do respond

under Central reduce demand by more on average. Of the two margins underlying the

superior reductions of the Central program, the dominant factor appears to lie on the

extensive margin of being a responder. This suggests that the first-order advantage of

Central is that it expands the share of households that respond at all, likely facilitated

by the lower threshold on the time, effort, and attention cost of responding.

In Appendix C.9, we report results considering alternative significance thresholds

to define responders. In addition, we use a different approach that defines responders

32These could reflect households that opted out of events, had limited usage of load-controllable
appliances during peak event windows, and/or whose responses are too small or too noisy to satisfy
the empirical responder definition.

33Our conditional response results allow us to compare our estimates more directly with Bernard
et al. (2026) who focus on the average change in consumption during peak events among households
who first “opt-in” to respond to an event—thereby directly flagging themselves as responders. Their
estimate of a 23.1% reduction amongst responders compares favorably with our estimates from the
similarly behavioral Tech (27%) and Manual (23%) programs.
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based only on the magnitude of their household-level estimated treatment effects (i.e.,

if their estimates achieve certain demand reduction thresholds). While the precise

quantitative results vary, we find that the rankings of the share of responders and

the conditional peak event reductions among responders across the three demand

response programs persist.

6.2 App Interactions

In this section, we use data on households’ interactions with the Utility’s App to better

understand the potential mechanisms driving our results. We begin by allowing our

household-level treatment effects to vary by whether or not the household interacted

with the App. We then break down how a household’s performance during peak

events varies by the intensity and types of App interactions.

The App data tell us when users are interacting with the App on a given day, as

well as more details on which features of the App they are accessing. For the Central

and Tech households, interacting with the App allows them to control connected

devices. For the Central program, the App can be used to opt out of automatic

load control before or during events. In all programs, the App allows the household

to observe the details of upcoming events 21 hours in advance, detailed information

about household consumption in real-time, and performance in previous events.34

While households could be aware of an upcoming event without opening the App

through push notifications sent to their phones, App interactions are a strong in-

dication that the household is aware of the demand response event and serves as a

proxy for time spent/effort to respond. Despite the lower average response to events

for the Tech and Manual households, Figure 6 demonstrates there is a small subset

of high performers in the Tech and Manual programs that have large negative esti-

mated treatment effects. We leverage the App interaction data to evaluate if these

high-performers differ in their use of the App during events.

We run a specification of Equation (2) that interacts Eit with an indicator variable

App Interactit that equals one if the household interacts with the Utility’s App on the

relevant day and zero otherwise. A key benefit of this approach is that it allows us

to quantify how a specific household’s estimated treatment effect varies by whether

or not they interacted with the App on an event day. This helps overcome the

sample selection challenge that would arise by running an analogous regression using

34In addition to actively opening the App on their phone, the App opens and logs an interaction
if a user clicks on the event push notification sent to their phone.
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all households within a given demand response program. With such a regression,

it would not be possible to disentangle whether the different treatment effects arise

because the household interacted with the App on an event day or whether households

that interact with the App are unique in the way they respond to events. However,

even in our regression analysis, it is important to acknowledge that App interactions

are not random within a household. They can reflect days in which the household is

home and able to respond, or days where they are more attentive to usage decisions

for unobservable reasons.

Figure 8. Average Estimated Household-Level Treatment Effects by App Interaction
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Notes. The reported results are average household-level treatment effects by whether or not the
household interacted with the App on an event day. This represents the specification in equation
(2), adjusted to interact the event indicator (Eit) with an App Indicatorit variable that equals 1
when the household interacts with the App on the event day and zero otherwise. All specifications
include fixed effects at the year-month, day-of-week, and hourly levels.

Figure 8 reports the average estimated household-specific treatment effects, allow-

ing for heterogenous treatment effects by whether or not the household interacted with

the App on a given day. For the Central program, the average estimated household-

level treatment effect is -21.8% when the household does not interact with the App,

increasing in magnitude to -24.5% when they do interact with the App during an

event day. In contrast, for the Manual and Tech programs, the average household-

level treatment effect is -2% when they do not interact with the App, increasing in

magnitude to roughly -6% when they interact with the App.
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These results provide two key insights. First, there is a positive relationship

between App interactions and demand reductions. Households who were more atten-

tive to the App on event days achieved higher reductions. This differential effect is

slightly larger in magnitude for the Tech and Manual programs.35 Second, there is

a considerable difference in the “no interaction” estimates between Central program

participants and those in the other programs (-21.8% vs. -2%). This is consistent

with the Central program having a roughly 20 percentage point “headstart” over the

other programs, even on days when they appear inattentive to the events and less

likely to be taking active action to respond to them. This “headstart” is likely key to

the overall finding of greater demand response by the Central program participants,

all of whom had a default setting to passively respond to events.

The results reported in Figure 8 summarize average estimates of the distribution

of household-level treatment effects. Underlying these effects are varying degrees of

significance. For the Central program, approximately 68% of the household-level peak

event coefficient estimates are significant both with and without App Interactions.

In contrast, we see a more than doubling in the proportion of significant household-

level event coefficients, with only 11% (12%) of Tech’s (Manual’s) estimates being

significant when there is No App Interaction on the event day, more than doubling

to 23% (25%) on days with App Interactions.36 These results further emphasize

the “headstart” of the Central program, and the added time/effort associated with

significant reductions in demand for the Tech and Manual programs.

We also have detailed data on the types of pages/tabs the households interact

with in the App (i.e., General Interactions, Energy Usage Dial, Devices Tab, and

Advisor Tab). This provides insight into the types of actions households may have

35 For the Central program, the larger effect suggests that on average, when Central households
interacted with the App on event days, they took additional action to reduce consumption beyond
just permitting automation (e.g., by delaying use of other non-automated appliances). These results
are consistent with the observation of low opt-out rates reported in Section 5.1, indicating that
Central households were not systematically interacting with the App to override automation.

36 For the Tech and Manual programs, while there is an increase in the presence of a significant
event response when household interact with the App (compared to the null of no change), the
estimated treatment effect is only significantly different on days when the household interacts with
the App from days when it does not for 18% and 23% of these households, respectively. These
results are suggestive of a subset of households that are actively interacting with the App and
reducing event consumption in these programs, a point addressed in Table 5 further below. For the
Central program, while we do not see an increase in the proportion of households that reject the null
of no peak event response, 24% of households have significantly different effects on days where they
do interact with the App compared to non-App interaction days. The moderately larger average
peak event response in Figure 8 suggests that a subset of Central households took additional action
on these days, possibly by reducing demand of other non-controlled appliances.
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taken to respond to events. Table 5 summarizes the average daily App interaction fre-

quency for each demand response program separated by performance quartile across

all participants. The performance quartiles are determined by ranking household-

level treatment effects over all demand response programs. This separates households

into categories of whether or not they are high or low-performing households during

our experiment. We summarize the count of the households and the percentage of

households enrolled in each demand response program that fall within a specific per-

formance quartile.37

Table 5. Average Daily App Interaction Frequency by Program and Performance Quartiles

Program Performance Household General Energy Usage Devices Advisor
Quartile Count (%) Interactions Dial Tab Tab

Central 1 111 (63%) 0.32 0.30 0.18 0.26
2 44 (25%) 0.19 0.18 0.12 0.15
3 15 (8%) 0.21 0.20 0.15 0.16
4 7 (4%) 0.15 0.15 0.11 0.11

Tech 1 20 (11%) 0.54 0.49 0.32 0.42
2 43 (23%) 0.30 0.27 0.18 0.23
3 53 (29%) 0.23 0.22 0.11 0.17
4 68 (37%) 0.13 0.12 0.07 0.09

Manual 1 20 (8%) 0.59 0.57 0.07 0.49
2 64 (26%) 0.18 0.17 0.03 0.15
3 83 (34%) 0.15 0.15 0.03 0.12
4 75 (31%) 0.15 0.14 0.02 0.12

Notes. The reported results provide the daily frequency of App Interactions by program and perfor-
mance quartile. Performance quartiles are determined using the household-specific estimated treat-
ment effects obtained from estimating specification (2). Household Count represents the number
of households that fall within each performance quartile. The percentages report the percentage of
households within a program that falls within each quartile. General Interactions reflect any inter-
actions with the App. Energy Usage Dial displays the energy dial in the App that provides data on
real-time usage. The Devices Tab displays a household’s connected devices and allows households to
adjust the use of the installed devices. The Advisor Tab reports information on upcoming events and
historical performance on past events.

Table 5 demonstrates that the majority of Central households (63%) fall within

the top quartile of performance. In contrast, only 11% and 8% of Tech and Manual

households are in the top quartile. This is consistent with our results above that

37Figure C17 presents the share of participants in each performance quartile by demand response
program. This figure illustrates that the vast majority of the top quartile performers are in the
Central program (74%), while the lower quartiles consist largely of the Tech and Manual households.
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the Central program has a significantly greater demand response than the Tech and

Manual programs, which show similar results.

Within each program, we see a reduction in the frequency of daily General In-

teractions as we move down the performance quartiles. This suggests that higher-

performing households are more attentive and/or spend more time to monitor and

react to events. In fact, across all columns, the frequency of App interactions in

the top quartile is significantly greater (at the 5% level) than the frequency in the

second-highest quartile.

We see a considerably higher frequency of App interactions among the Tech and

Manual households that achieve the top quartile of performance, interacting with

the App on 54% and 59% of days on average, respectively. In contrast, Central

households in the top quartile only interact with the App on 32% of the day. The

top quartile of the Central program interacts significantly less with the App than

the top quartile of the Tech and Manual programs (at the 5% level). This is true

for each App interaction type in the table. This suggests that achieving this high

threshold of performance required considerable more time and attention for the two

active programs as compared to Central—a key barrier for many participants.

Looking across the App categories, households interacted with the Energy Usage

Dial the most, followed by the Advisor Tab. This suggests that when households

used the App, they often monitored their real-time consumption and the details of

upcoming events and/or their past performance in the Advisor Tab. The top quartile

performers in the Tech and Manual programs stand out in both of these categories,

with the frequency of their interactions with both the Energy Usage Dial and Advisor

Tab being roughly 2 to 4 times those of the bottom 3 quartiles.

Tech households in the highest-performing quartile interacted with the Devices

Tab in the App at a significantly higher frequency than all other households. This

suggests that a (small) subset of households in this program were using the installed

devices to achieve larger demand reductions. However, looking at the lower perfor-

mance quartiles in the Tech and Central programs, households in the Tech program

interacted with the Devices Tab about as much as those in the Central program.38

Overall, these results suggest that households in the Tech and Manual programs

38In addition to the installed devices from our experiment, a subset of households had other
devices linked to the App. These were primarily smart plugs linked to lighting in the home. This
helps explain why we observe interactions with the Devices Tab for the Manual program. Only 3
Manual households installed and linked devices to the App during our experiment, all three were
thermostats for electric baseboard heaters.

40



had to allocate a higher degree of their time/effort to achieve relatively high demand

reductions and the associated rewards. In contrast, the Central program participants

had to invest less time, effort, and attention in responding to events than others to

generate the same scale of demand reductions.

6.3 Device-Specific Estimates

In this section, we use data on hourly device-level consumption for installed load

controllers at households in the Central and Tech programs.39 This provides insights

into the types of adjustments underlying the changes in household-level consumption,

and what this suggests for households’ private cost associated with these adjustments.

Figure 9 reports results from estimating the specification in Equation (1) sepa-

rately for the Central and Tech programs, replacing household-level hourly consump-

tion with device-specific electricity usage. For Tech, we see small and insignificant

reductions in hot water and heating. The point estimate for EVs is larger, suggesting

potentially more willingness to adjust this device, although the estimates are impre-

cise due to smaller sample size.40 These results are consistent with the relatively

small average peak event reductions using household-level data for the Tech program

reported above.

In contrast, for the Central program, we observe large estimated average percent-

age reductions for all devices, with a near complete reduction in water heater usage

during the 3-hour peak events.41 These results are consistent with households in the

Central program permitting broad automated control of these devices during peak

events. Appendix Figure C13 presents results for a linear specification and demon-

strates that the largest average demand reduction in kWh also arises from water

heaters, followed by EVs and thermostats.

It is important to acknowledge that these estimated reductions in consumption

from household devices can come at a private cost (e.g., household discomfort). While

we do not observe precise measures of discomfort, Central households have the ability

to opt-out of peak events for all connected devices or specific devices using the Utility’s

App. We observe a low opt-out rate of approximately 4% across all events, and

39We do not observe device-level consumption data for the Manual program.
40Appendix C.10 reports the number of households with each device type, illustrating a relatively

small number of EV load controllers in our experiment.
41Focusing on electricity usage of hot water heaters in Central households, the point estimate

on the peak event indicator is precisely estimated and implies a narrow percentage reduction 95%
confidence interval [−98.59,−96.44]. Appendix Figure C10 provides descriptive evidence to support
the near-zero consumption from hot water heaters during peak events for Central households.
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Figure 9. Device-Specific Estimated Treatment Effects - Central and Tech Programs
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Notes. The reported results are device-specific marginal effects calculated from estimating β̂j using
the specification in (1) separately for each j ∈ {C, T}, replacing the household-level consumption
with device-specific consumption. We present the marginal effects to be a percentage change in
consumption using the transformation 100 × (exp(β̂j) − 1). Vertical lines indicate 95% confidence
intervals. Standard errors are clustered at the household level.

approximately 90% of these arise from adjustments to thermostat settings during

events or pre-event opt-outs. The minimal opt-outs on hot water heaters and EVs,

and their large estimated treatment effects, are suggestive of limited discomfort, or

at least insufficient disutility to lead households to act to override automation.42,43

While thermostat opt-outs were modest, and automated thermostat adjustments

were limited to a 3-degree Celsius temperature deviation, the relatively higher opt-

out rates for thermostats are suggestive of a higher private cost of automation for

this device. In our setting, automated adjustments to electric thermostats during

peak events were limited to adjustments to heating loads. To further understand

this margin, Figure 10 focuses on thermostat electricity usage and presents estimated

peak event treatment effects, permitting differential effects by heating degree quartiles

separately for a log and linear specification. Tech program households continue to

42These results are consistent with findings in the literature that find limited override of automa-
tion of electric vehicle charging (Bailey et al., 2025a) and a large engineering literature documenting
the thermal storage potential of electric hot water heater tanks for short-duration (1 - 4 hour) peak
events with limited loss of heat (Atikol, 2013).

43Appendix C.10 presents supplementary device-level results, including evidence that there is no
evidence of a significant difference in device-specific responses by event type.
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Figure 10. Thermostat Estimated Treatment Effects by HDD Quartile - Central and
Tech Programs
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(a) Log Specification
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(b) Linear Specification

Notes: The reported results are baseboard thermostat-specific marginal effects calculated from esti-
mating β̂j using the specification in (1) separately for each j ∈ {C, T}, replacing the household-level
consumption with baseboard thermostat-specific consumption. We allow the event indicator to have
differential effects by Heating Degree quartiles. We consider a log and linear specification for the de-
pendent variable. For the log-specification, we present the marginal effects to be a percentage change
in consumption using the transformation 100 × (exp(β̂j) − 1). The linear specification reports β̂j .
Vertical lines indicate 95% confidence intervals. Standard errors are clustered at the household level.

exhibit limited evidence of an adjustment to thermostat usage during peak events.

Figure 10a illustrates that there is a large response among Central program house-

holds that is declining in percentage change terms as we move to higher heating degree

quartiles. However, Figure 10b shows that underlying these changes is a strictly in-

creasing reduction in kWh of thermostat usage, with minimal kWh reductions at

the lowest quartile (Q1) reflecting days with limited heating needs. These results

suggest that even on the coldest peak event hours, the average estimated treatment

effect among Central household’s thermostat usage is large. The declining percent-

age reduction in demand is driven by two possible effects: (i) the 3-degree Celsius

temperature deviation limit is reached and the device turns on periodically to stay

within this limit and/or (ii) there is a higher rate of opt-outs on thermostats as heat-

ing degrees increase. We have data that can directly inform the extent of the latter.

The opt-out rate increases only modestly in absolute value as we move from the first

quartile of heating degrees (3%) to the fourth quartile (6%), suggesting that even

on the coldest days, the majority of households do not find automated control of

thermostat settings sufficiently uncomfortable to override.
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6.4 End-of-Sample Survey

In this section, we use data collected from a survey at the end of our experiment

(in June 2023) to further understand the potential mechanisms driving our results.

Households who participated in the Central, Tech, and Manual programs were sent a

survey and asked questions to better understand their opportunity cost of time/effort

and stated net benefit to respond to events. We correlate households’ responses to

these survey questions with their estimated household-level treatment effects. These

results should be interpreted with the understanding that they are based on stated-

preference questions among those who responded, and households’ responses could

have been informed based on their desire to justify their behavior during the peak

events. Nevertheless, we report these results as additional suggestive evidence of the

mechanisms at play in our analysis.

There were two key survey questions to assess households’ willingness to exert

effort/opportunity costs of time.44 First, we asked participants their annual house-

hold income level and gave them several income categories (Less than $50k, $50-99k,
$100-149k, $150-200k, and over $200k). In the context of Becker’s (1965) household

production model, a household has a finite amount of time to allocate to tasks. The

time spent allocating to a specific task, which in our setting includes the time/effort

to respond to peak events, is weighted with the opportunity cost of undertaking other

activities, such as working and earning income (e.g., the wage rate in the model). In

this framing, a household’s income serves as a key component of its opportunity cost

of allocating effort to reduce consumption during peak events.

Second, we asked a stated-preference question to assess the extent to which par-

ticipants felt that participating in events was worth their time: “For the events you

noticed, how often was it worth your time to participate by attempting to reduce

your electricity consumption?” Respondents choose one of the following: (1) Never,

(2) Sometimes, (3) About half the time, (4) Most of the time, or (5) Always. This

question encompasses an arguably broader stated-preference assessment of a house-

hold’s perceived net benefit of allocating effort, time, and attention to responding to

peak events.

We observe a relatively high response rate to the survey, with 75%, 71%, and 69%

of households in the Central, Tech, and Manual programs completing the survey.

Respondents were paid $20 upon completion of the survey. The results presented

44Appendix D.1 provides a more detailed summary of the exit survey.
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below focus on the households that completed the survey.45

For each household i that responded to the exit survey, we use the survey responses

and household-level estimated treatment effects to estimate the following regression:

Yi = β0 + β1Ii + β2Zi + β3Gi + γXi + ϵi (3)

in which Yi is the estimated treatment effect for household i (using estimates from

Section 5.2), Ii is a categorical variable for the household’s reported income, and Zi

is a categorical variable for the household’s response to the Worth Time question

described above. The excluded value for the reported annual income is the category

< $ 50k, and for the Worth Time question the excluded categories are anyone who

reported “Never”.

We include several variables to control for a household’s appliances and household

type, denoted by Xi. These controls include an indicator variable if the household

has an electric hot water heater, a categorical variable for whether a household has

an electric vehicle and their corresponding charger type (No, Level 1, Level 2), a

categorical variable for air conditioning in the home (No, Window Unit, Central Air),

a categorical variable for electric baseboard heating (No, 1 – 3 Units, 4 or more

units), and a house/duplex dummy variable (1 for house/duplex, 0 for row home).46

Gi denotes indicator variables for the Central and Tech programs (with Manual as

the baseline) to allow for differential average treatment effect levels by program. Our

dependent variable is a generated regression. We report bootstrapped standard errors

to address concerns that the standard errors are biased in this setting.

The regression results are reported in Table 6. Focusing first on household income,

we see that all coefficients are positive, indicating reporting annual income in excess

of 50k (the excluded category) is associated with larger (positive) treatment effects,

representing smaller electricity consumption reductions during events. There is some

evidence that these positive relationships are increasing as reported income increases.

However, the estimates are noisy and imprecisely estimated.

45Appendix D.2 compares the characteristics of households that responded to the survey with
those that did not using pre-treatment data. While the households are similar on a number of
characteristics, responders consumed less electricity on average. To the extent that consumption
is correlated with factors that relate to the opportunity cost of time, this could downward weight
households with a higher opportunity cost of time in the end of experiment survey.

46In Appendix D.3, we include additional control variables using household-level pre-treatment
information and a LASSO approach to select the control variables to include in the regression. The
key conclusions drawn from this analysis are consistent with the baseline OLS regression, with a
modest increase in precision.
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Table 6. Household Treatment Effect on Worth Time and Income

Coefficient Std. Error P-Value

Worth Time
Sometimes -3.4934 2.2404 0.1189
Half of the Time -6.3097 2.4711 0.0107
Most of the Time -9.0212 2.4337 0.0002
Always -15.0505 2.9170 0.0000

Income
50 - 99k 5.5255 4.5976 0.2294
100 - 149k 7.3086 4.6087 0.1128
150 - 200k 9.8930 4.5909 0.0312
>200 k 9.7378 4.5432 0.0321

Program Indicators

Central -17.2308 1.7559 0.0000
Tech -1.3486 1.6000 0.3993

Notes. The reported results present the estimates for Worth Time, Income, and
Program variables in Equation (3). The regression also includes an array of
appliance and household type control variables. Standard errors are estimated
via bootstrap with 5,000 iterations.

For a given level of income, demand response program, and stock of household

appliances, households may have heterogeneous preferences in their willingness to al-

locate time to provide demand flexibility. Table 6 finds that all of the Worth Time

variable categories are negative and significantly different than the excluded “Never”

category, with the exception of the “Sometimes” response category. Additionally, the

coefficients are more negative as we move down the spectrum of the Worth Time mea-

sure. These results suggest that the participants’ perceived net benefits of allocating

time to participate in events are correlated with greater reductions during events. As

expected, we see a large negative and significant coefficient on the Central indicator

variable and the coefficient on the Tech program is close to zero and not significantly

different compared to the baseline Manual program.47

While these results focus on a stated-preference survey and they represent cor-

relational relationships, they provide additional evidence that is consistent with the

broader findings presented through the paper to explain why we observe large dif-

47In Appendix D.3, we present results for a multiple hypothesis testing robustness check for this
regression analysis. While we find reduced precision and significance for the estimates for the Income
coefficients, the significance thresholds for the Worth Time categories remain.
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ferences in responses to peak events across our demand response programs. Factors

that lead to a higher costs of allocating effort and attention are associated with lower

estimated household-level treatment effects. Our findings suggest that the Central

program, through the use of enabling technologies and utility-controlled/automated

default responses to events, helps overcome these time allocation and effort barriers.

7 External Validity

We discuss the external validity of our study’s findings using the selection, attrition,

naturalness, and scaling (SANS) framework developed by List (2020).

Selection

Our study draws participants from a pool of the Utility’s users that (a) are on the

Utility’s app and (b) meet eligibility criteria that include being located near the major

metropolitan region of the province and having load controllable devices in the home.

We acknowledge this results in a selected subset of potential electricity consumers,

albeit ones that are likely candidates to join utility demand response programs. To

assess potential concerns related to selection, and how our results might generalize

beyond this study, we do a comparative analysis of observables as well as discuss

potential implications of differential unobservables.

We begin by presenting empirical evidence on observables that leverages the fact

that we observe the census dissemination areas (CDAs) of each household that was

invited to join a demand response program (plus the never-treated households). A

CDA is the smallest census block in Canada and has a population of approximately

400 to 700 individuals. To provide a sense of scale for this number, a commonly used

source of data in the United States is to leverage socioeconomic and demographic

information at the census tract-level. The U.S. Census Bureau defines the “optimal”

census tract size to contain approximately 4,000 people, but tracts can range from

1,200 to 8,000 individuals.

In Appendix A.4, we perform a comparison of an array of socioeconomic and

household demographics using the Canadian CDA data, sliced at the broader metro

area, the invited sample, and finally the subset of households that joined a demand

response program or a never-treated group. For the broader metro area, we summarize

the population-weighted census data characteristics across all CDAs where households

could have joined (absent our selection criteria), the CDA characteristics among the

1,661 households that were invited to join a demand response program, and finally the
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968 households that eventually joined a demand response program (or the control).

We find that households in the Invited and Accepted samples are comparable on

observables using the census data (Table A3). This coincides with our balance tables

that show that the invited and accepted samples are comparable on electricity-usage

and an array of household-level appliance/devices. Comparing these groups to the

broader metro area, however, we find that invited and accepted households tend to

come from CDAs that have higher average median income, are more likely to have

single-family and owner-occupied housing, have a higher proportion of Canadian cit-

izens, and fewer households that self-categorize themselves as immigrants and visible

minorities. These observable characteristics suggest that households that made it

into our program (or were invited) are from more affluent communities as compared

to the broader metro population.48

Turning to unobservables, we expect that based on our selection criteria, house-

holds that were invited into our field experiment, and ultimately joined a demand

response program, are likely to be more tech savvy and have certain observable and

unobservable characteristics that differ from the broader population. These house-

holds may be more willing and able to put forth effort and attention to respond to a

peak event. To the extent that a “typical/average” household is willing to allocate less

effort/attention, this would reduce their response to peak events in the Manual and

Tech programs. In contrast, for any given configuration of controllable devices and

conditional on enrolling, our results suggest that even these typical/average house-

holds are likely to maintain high responses to peak events in the Central program

because of its set-it-and-forget-it nature. This suggests that the large wedge we ob-

serve between the Central and Tech/Manual programs’ responsiveness is potentially a

conservative estimate relative to a general population, for any given set of controllable

household devices.

Finally, a broader question exists related to take-up rates, which one could plau-

sibly expect to be lower among a general population. We address this concern in the

section on scaling below.

Attrition

We present detailed data on attrition rates in Appendix C.2. We find that overall

48Figure A1 presents the full distribution of these variables across all Metro CDAs and CDAs
that include invited/accepted households. These results demonstrate that the invited/accepted
households live in CDAs that lie across the full spectrum of values in the broader metro CDAs, but
are more heavily weighted in CDAs that have higher median incomes, more Canadian citizens, and
fewer immigrants/visible minorities.
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attrition rates are relatively low, not different across groups, and arises primarily from

households moving rather than requesting an exit from the program.

Naturalness

Peak events in our study are randomized at the household level; they are not coin-

cident with actual peak load situations for the Utility. This presents both positives

and negatives when it comes to naturalness of our experimental setting. On the one

hand, the lack of coincidence with peak conditions means that other channels (e.g.

news stories, word-of-mouth) that typically increase salience and thus responsiveness

of events will be absent in our setting (Brewer and Crozier, 2025). On the other

hand, requesting reductions outside a peak load period may lend itself to greater

responsiveness due to more flexibility available from the household.

While we cannot rule out these channels, we examine how responsiveness to peak

events varies with system demand conditions. In Appendix C.11, we allow household

responses to peak events to vary by two measures of system conditions: quartiles

of daily system-wide peak demand over the study period and similarly quartiles of

heating degree days over the same period. We find no evidence of differential re-

sponsiveness across demand and temperature conditions, but for a slightly weaker

response for the Central program during the lowest heating degree days.

We note that while our experimental design introduces peak events that do not

necessarily correspond to the Utility’s overall system-wide demand conditions, such

a setting is reasonable for future demand flexibility programs. With the increase in

variability from renewables on the supply side of electricity systems, demand flexibility

is no longer simply needed during peak demand conditions; being able to respond

to sudden changes in renewables will be increasingly valuable. Furthermore, local

conditions arising from electrification that lead to distribution bottlenecks will also

require greater flexibility during periods that are not coincident with overall system

peak conditions. As such, the random events in our study are likely to be reflective

of future demand response periods.

Finally, our experiment is set in a northern climate with a system peak in the

winter months and load controllers installed on hot water heaters, baseboard heaters,

and level 2 EV chargers. In Appendix A.4, we present evidence that illustrates that

while our sample is relatively highly electrified, these appliances are used by a sizable

proportion of households in the Utility’s metro area, and across Canada more broadly.

In other settings, air conditioning loads can represent a large proportion of electricity

usage and the dominant flexible appliance, particularly in summer months. Prior
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studies have studied the role of automation with smart thermostats and summer

cooling and find that there is considerable scope for demand response with minimal

opt-out rates (Harding and Lamarche, 2016; Bollinger and Hartmann, 2020; Blonz et

al., 2025). While the findings in these studies suggest that our conclusions will persist,

how the three demand response programs (Central, Tech, and Manual) perform in

this setting is an important area for future research.

Scaling

Participants in our study are drawn from a subset of electricity customers that were

already willing to download the Utility’s app. While take-up among eligible house-

holds in this subset was reasonably high, it is reasonable to expect take-up amongst

the broader population to be lower. Two key questions arise related to scaling from

our pilot setting. The first is how the effectiveness of automated versus behavioral

demand response programs will change when estimated over a broader population.

As noted above when discussion selection, we expect our key findings of the benefits

of automation to continue to hold, and perhaps widen relative to Tech and Manual

programs, across a broader, potentially less-attentive population where the benefits

of Central’s automation are more pronounced. A potential countervailing force, how-

ever, is that the composition of household’s potential devices to control is likely to

differ. Compared to the broader population, our participants tended to be in neigh-

borhoods with higher income, more likely to be owner-occupied, and a higher share of

single detached homes (Table A3). Smaller, renter-occupied, and lower income may

have fewer controllable devices from which to benefit from automation’s performance.

The second question relates more specifically to the willingness of a broader pop-

ulation to enroll in similar demand response programs. We note the potential for

scale exists by pointing to two real-world examples. Specific to our setting, and sub-

sequent to our experiment, the Utility partner in our study deployed a widespread

demand response program to its customers based in large part on this pilot. In the

three years since its launch, voluntary enrollment has reached roughly 150,000 cus-

tomers, or nearly 8% of the province-wide residential customer base. Further afield,

we point to the success in the United Kingdom, where demand flexibility has become

more commonplace, as documented in a recent large-scale experiment by Bernard

et al. (2026). They recruit from a broad population of 2.7 million Octopus Energy

customers into a national demand response program and end up enrolling over 50%

into their treatment group, while 30% of the control group also signed up, despite no

direct invitations, through general visibility to the program on social media, in-app
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banners, and word-of-mouth. These examples illustrate the potential to scale demand

response programs beyond the take-up rates observed in our framed field experiment.

8 Conclusion

The flexibility of electricity demand is becoming more valuable as electricity supply

evolves to include a growing share of variable renewable sources, and emerging tech-

nologies such as smart thermostats and electric vehicles promise greater opportunities

to provide it.

We run a large-scale field experiment to investigate the role of effort and technology

as determinants of electricity demand response. On the one hand, utility-managed

(“passive”) demand response can take the burden of responding to price signals off

consumers while still allowing them, and the grid, to capture the value of shifting

consumption as system conditions change. On the other hand, “active” programs

require more engagement from consumers, but in doing so hold the potential to unlock

responsiveness rooted in the heterogeneous (and largely unobservable) preferences of

individual consumers. Which approach delivers more demand flexibility is ultimately

an empirical question.

We find that households in the automated Central program reduced consumption

by 26% on average during critical “peak events”, roughly five times the reductions

observed in the Tech program (5%), despite the latter having the same enabling

technology and information provision. Enrollment rates for the Central and Tech

programs were also not appreciably different, suggesting automation was reasonably

tolerated. A second important finding is that the Tech program performed no better

than the Manual program (also 5%), despite Tech households being provided smart

technology to remotely control their baseboard thermostats, water heaters, and EV

chargers. This suggests that technology provision alone is not enough to unlock

demand flexibility; what mattered was whether households had to take an active

action to respond.

Leveraging the richness of our within-subject design, we explore the mechanisms

underlying these results. First, decomposing the consumption response into extensive

(“should I respond?”) and intensive (“if so, by how much?”) margins, we see the

Central program’s primary advantage comes from the former. Roughly 80% of Central

households were consistent responders, versus about 20% in the Tech and Manual

programs. The benefits on the intensive margin were less pronounced, but there

51



too the Central program outperformed both active-requirement programs. Overall,

automation’s largest effect is to facilitate a far greater likelihood of responding.

Second, data on households’ engagement with the Utility’s App point to effort

as a key correlate of performance: those who interacted with the App more reduced

consumption more, and the high performers in the Tech and Manual programs reached

those reductions only through frequent engagement, interacting on more than half of

event days on average. Central households, by contrast, achieved large reductions

whether or not they engaged with the App. Consistent with this, raising the financial

reward during periodic “high peak events” did not elicit greater reductions—at least

over the range of prices we tested—reinforcing that the binding constraint is effort

and attention, not necessarily the size of the incentive.

Our findings come from a framed field experiment at a single utility in a northern,

winter-peaking climate, with a specific set of controllable devices—electric baseboard

heaters, hot water heaters, and level 2 EV chargers—and a participant pool that is

relatively affluent, highly electrified, and open to new technology. Two dimensions of

generalization stand out for future research as such programs scale. The first is the

breadth of participants: whether the automation advantage we document persists,

or—as our selection discussion suggests—widens, as programs expand to broader and

potentially less attentive populations for whom the effort barrier may loom even

larger. The second is the breadth of devices. The comfort and control trade-offs that

govern a household’s tolerance for automation are likely device-specific, so the near-

complete and well-tolerated reductions we observe for devices in our study need not

carry over to loads with more salient comfort implications. This is especially relevant

for the flexible loads poised to grow on an increasingly electrified grid, such as air

conditioning and heat pumps, which we do not study here. How automated demand

response performs across this widening set of devices, and whether opt-out behavior

and effort barriers differ across them, is a critical question as demand-side flexibility

becomes central to grid reliability.

More broadly, policies that relieve consumers of the cognitive and time burdens

that contribute to rational inattention hold real promise for demand-side flexibility.

Given our results, utility-initiated automation is one such approach—one that can

both save consumers money and deliver the flexible demand that electricity markets

increasingly need.
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A Supplementary Experimental Framework Material

A.1 Recruitment and Assignment

The study sample was drawn from the population of residential customers in the Util-

ity’s service territory in and near a large metropolitan city in Canada. We employed

a two-step recruitment strategy. In Phase 1, starting in August 2021, the Utility

invited households to join an App operated by a third-party company in partnership

with the Utility. The App provides households with household-level hourly consump-

tion posted at a one-day lag. The App can be coupled with other devices to provide

more detailed information on real-time usage and device control. Households were

recruited to the App using several marketing strategies, including advertisements on

the Utility’s website, social media posts, the Utility’s newsletter, website notifica-

tions when users logged into their Utility accounts, and emails sent to approximately

306,000 residential households.

The recruitment onto the Utility’s App provided us with a pool of 9,020 households

to draw from. When households signed up to join the App, they were required to

answer a six-question survey. The survey asked households about their motivation for

joining the App and whether the household rents or owns their home. It asked about

devices eligible for load control in our experiment, including whether the household

has an electric hot water tank, an electric vehicle (EV), and electric baseboard heaters

as the primary heat source. Households with EVs were asked what type of charger

(level 1 or 2) they use. It also asked whether households have air conditioning, a

major source of demand flexibility.

We applied several selection criteria to this pool of households. Customers had

to be in or near a large metropolitan city in the province for which it was feasible

for Utility-partnered electricians to install load control equipment, as needed. Only

homeowners were permitted to participate. Condos and apartments were removed,

leaving primarily single-family homes, duplexes, and row homes as eligible. House-

holds must have at least one month of historical consumption data as of September

2021, and the customers must have at least one controllable electric device. Recall,

the set of controllable electric devices includes a level 2 electric vehicle charger, elec-

tric baseboard heaters used as the primary heat source, and an electric hot water

heater tank. This left us with a sample of 1,661 potential households that we used

for our randomized assignment to experimental programs.

In Phase 2 of recruitment, we randomized the eligible households into our treat-
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ment programs and never-treated groups.49 Starting in October 2021, we sent program-

specific emails to households inviting them to join a new “Trial” program. These

emails provided details about the specific experiences households would face in the

program to which they were being invited, including a summary of the expected re-

wards they could earn over the course of the Trial, equipment they would receive and

its estimated value, and future peak events. Households were also randomly offered

a small sign-on incentive of the amounts $10 or $20, or no incentive. All households

faced a yes/no decision regarding accepting our program-specific offer. The never-

treated Control group that received no equipment, price incentives, or real-time usage

information (recall Table 1) received no further communication beyond joining the

App in the first phase of recruitment.

Households had to accept the invitation to join the relevant experimental program

actively. After selecting to join, households were mailed a device called the “Hub”

that facilitates monitoring real-time energy usage via the App. Installers contacted

households in the Central and Tech programs to install the load controller equipment.

This two-phase recruitment process occurred over the months of August 2021 -

February 2022. The second phase of recruitment occurred in five waves starting in

October 2021. As additional households joined the App, we collected the survey

responses, identified eligible households, randomized households into programs, and

sent the second-phase recruitment emails. This process was used to facilitate the time

required to schedule and install the load controllers, as well as to achieve the targeted

sample size.

Finally, during the invitations to join each program, we randomized the upfront

incentive. While we find a higher rate of initial acceptance with higher upfront in-

centive payments, the differences are small and not significantly different.50

49Specifically, we used a randomization procedure designed to balance important observable char-
acteristics over programs and groups. We first used the machine learning algorithm “kmeans” to
group households based on observable characteristics. These included cumulative household electric-
ity consumption (in kWh) and load factor by season (Fall, Spring, Winter, and Summer), variables
that indicate if a household has an electric vehicle, electric baseboard heating, or air conditioning,
and census data on median household income. Load factor is the average electricity consumption
divided by maximum consumption over a specific time period; it is a way to capture the relative
utilization rate of consumption at the household level. We then randomized program assignments
so households within a cluster were balanced across programs.

50Households that received a $0, $10, and $20 upfront incentive accepted the initial invitation
with a 63%, 67%, and 68% probability, respectively.
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A.2 Comparison of Household Characteristics Upon Randomization

We evaluate if there are differences in pre-treatment characteristics across our various

programs to assess the quality of our randomization. Table A1 provides summary

statistics by program for a number of variables, including those used in the clustering

procedure during randomization (recall the discussion in Footnote 49). The sample

presented in this Table represents all 1,661 households invited to participate in the

experiment. For all variables, we report the p-values from a one-way ANOVA test to

evaluate if there are statistical differences in means across the programs.51

Table A1 shows that we do not find significant differences in key characteristics

pre-treatment across our programs. These results indicate that our randomization

approach effectively achieved balance on observables pre-treatment. In addition, Ta-

ble A1 demonstrates that the majority of households in our sample have electric hot

water heating and use baseboard heating as the primary heat source. In contrast,

electric vehicles are less common, representing approximately 30% of households. The

majority of households are single-family homes or duplexes, with the remainder being

primarily row homes. The households consume considerably more electricity during

the winter, with the lowest consumption arising in summer. This demonstrates the

potential for larger opportunities for load shifting during these months.

A.3 Comparison of Household Characteristics After Acceptance

We compare the pre-treatment means in observable characteristics by program, in-

cluding only the households that accepted our invitation to join each program. Large

differences in observable characteristics would raise questions about the comparability

of our estimated treatment effects from the main specifications.

Table A2 shows observables across programs for the final set of households in-

cluded in each program. We observe limited differences in these characteristics across

programs. The exceptions are that we find a statistically significant difference in the

proportion of households that live in single-family homes/duplexes. There is a larger

proportion of households in this building type in the Manual program than in other

programs, in particular. We also observe a difference across programs in the propor-

tion of households that have EVs, but this difference is only marginally statistically

51The seasonal cumulative consumption and load factor data only contain households with a full
year’s worth of historical consumption. We computed analogous statistics for the entire sample of
households using only data from September 2021, the month in which all households have complete
pre-treatment consumption data. We find no evidence of statistically significant differences in means
across the programs using this data.
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Table A1. Comparison of Means by Programs - Initial Randomization

Central Tech Manual Info Control ANOVA (p-value)
Cumul. kWh

Winter 5,279 5,268 5,442 4,859 5,265 0.27
(2,694) (3,032) (3,076) (2,748) (2,950)

Spring 3,760 3,773 3,818 3,503 3,712 0.48
(1,924) (2,112) (1,911) (2,116) (1,974)

Summer 2,845 2,836 2,708 2,614 2,729 0.54
(1,742) (1,872) (1,539) (1,861) (1,710)

Fall 3,633 3,670 3,700 3,458 3,623 0.66
(1,663) (1,945) (1,974) (1,796) (1,860)

Load Factor
Winter 24.66 24.98 25.41 24.73 24.67 0.81

(8.20) (8.15) (8.80) (8.29) (8.63)
Spring 19.52 20.12 20.01 19.28 19.91 0.65

(7.25) (6.97) (6.70) (7.73) (7.41)
Summer 16.82 16.55 16.73 16.12 16.32 0.82

(7.89) (6.30) (5.93) (8.11) (8.29)
Fall 18.56 18.90 19.34 18.42 19.06 0.42

(5.89) (6.23) (6.00) (6.48) (6.50)
Electric Vehicle 0.27 0.27 0.27 0.33 0.27 0.41

(0.44) (0.45) (0.45) (0.47) (0.45)
Baseboard Heating 0.61 0.64 0.61 0.63 0.63 0.95

(0.49) (0.48) (0.49) (0.48) (0.48)
Air Conditioning 0.52 0.51 0.50 0.51 0.54 0.95

(0.50) (0.50) (0.50) (0.50) (0.50)
Electric Hot Water 0.70 0.66 0.70 0.66 0.72 0.38

(0.46) (0.47) (0.46) (0.47) (0.45)
House/Duplex 0.77 0.76 0.81 0.78 0.84 0.17

(0.42) (0.43) (0.39) (0.42) (0.37)
Median Income 86,376 88,291 85,931 87,470 85,948 0.48

(19,503) (22,227) (19,255) (21,574) (21,541)
Households 423 382 409 259 188

Notes. This table compares pre-treatment average values across the five different programs.
Parentheses contain the standard deviations. Cumul. kWh and Load Factor represent the
cumulative household-level consumption and load factor by season. The seasonal cumulative
consumption and load factor data only contain households with a full year’s worth of historical
consumption. Electric Vehicle, Baseboard Heating, Air Conditioning, and Electric Hot Water
are indicator variables denoting the presence of each device. House/Duplex is an indicator
variable that equals one if the home type is a single-family home or duplex and zero otherwise.
Median Income reports the median household-level income of the Census Dissemination Area
where the household is located. ANOVA reports the p-value from one-way ANOVA tests for
differences in means across programs. Statistical significance: * p < 0.10, ** p < 0.05, and
*** p < 0.01.

significant. Overall, these results suggest that the balance on observables that arose

due to the initial randomization largely remains in the final sample.
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Table A2. Comparison of Means by Program - Final Accepted Households

Central Tech Manual Info Control ANOVA (p-value)
Cumul. kWh

Winter 5,507 5,302 5,422 5,037 5,265 0.71
(2,706) (2,737) (3,240) (2,768) (2,950)

Spring 3,900 3,739 3,797 3,642 3,712 0.85
(1,934) (1,791) (1,939) (2,159) (1,974)

Summer 2,851 2,672 2,766 2,702 2,729 0.93
(1,869) (1,759) (1,547) (1,849) (1,710)

Fall 3,754 3,550 3,677 3,547 3,623 0.86
(1,733) (1,659) (1,992) (1,788) (1,860)

Load Factor
Winter 24.62 25.56 24.93 24.93 24.67 0.90

(8.68) (8.21) (9.04) (7.76) (8.63)
Spring 19.33 20.48 19.80 19.59 19.91 0.72

(7.43) (6.30) (6.45) (7.05) (7.41)
Summer 16.33 16.87 16.95 16.61 16.32 0.91

(8.54) (6.02) (5.95) (7.80) (8.29)
Fall 18.17 18.97 19.11 18.53 19.06 0.65

(6.27) (5.78) (6.29) (6.11) (6.50)
Electric Vehicle 0.25 0.21 0.30 0.34 0.27 0.07∗

(0.43) (0.41) (0.46) (0.47) (0.45)
Baseboard Heating 0.68 0.70 0.60 0.59 0.63 0.12

(0.47) (0.46) (0.49) (0.49) (0.48)
Air Conditioning 0.46 0.46 0.51 0.51 0.54 0.41

(0.50) (0.50) (0.50) (0.50) (0.50)
Electric Hot Water 0.75 0.74 0.68 0.65 0.72 0.16

(0.43) (0.44) (0.47) (0.48) (0.45)
House/Duplex 0.82 0.77 0.89 0.84 0.84 0.02∗∗

(0.39) (0.42) (0.32) (0.37) (0.37)
Median Income 84,978 88,274 86,718 89,504 85,948 0.23

(19,647) (20,432) (19,494) (21,079) (21,541)
Households 177 184 242 177 188

Notes. This table compares pre-treatment average values across the five different programs
for households that were in our final programs. Parentheses contain the standard deviations.
Cumul. kWh and Load Factor represents the cumulative household-level consumption and
load factor by season. Electric Vehicle, Baseboard Heating, Air Conditioning, and Electric
Hot Water are indicator variables denoting the presence of each device. House/Duplex is an
indicator variable if the home type is a single-family home or duplex. Median Income reports
the median household-level income of the Census Dissemination Area where the household
is located. ANOVA reports the p-value from one-way ANOVA tests for differences in means
across programs. Statistical Significance * p < 0.10, ** p < 0.05, and *** p < 0.01.
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A.4 Comparison of Experimental Households to Broader Population

In this section, we present summary statistics to compare our experimental sample

with the broader population of households in the Utility’s largest metro area. As out-

lined in Section A.1, our recruitment strategy involved a range of marketing strategies

where we invited households to join the Utility’s App targeting households within and

around the Utility’s largest metro region. Once enrolled on the App, we selected a

subset of households based on several selection criteria, including home ownership

and the ownership of at least one controllable device. This led to a subset of 1,661

households that were randomly offered to enroll in a demand response program (or

assigned to the Control). We observe the census dissemination area (CDA) for these

1,661 households. A CDA is the smallest census block in Canada and has a population

of approximately 400 – 700 individuals (Statistics Canada, 2021b).52

Table A3 presents socio-economic and demographic census characteristics of the

CDAs where the 1,661 households offered to join a demand response program (or

assigned to the Control) were located, the CDAs of the households that accepted

the offers, and the broader characteristics of households in the Utility’s largest metro

area where the households were recruited from.53 For the metro area statistics, the

summary statistics are constructed using sampling weights, meaning they should be

interpreted as population-representative estimates.

Table A3 illustrates that the households in the Invited and Accepted samples live

in CDAs with comparable characteristics. This coincides with the balance tables

in Tables A1 and A2 that show that the invited and accepted samples are com-

parable on their mean individual electricity-usage and an array of household-level

appliance/devices. Comparing the CDA characteristics of our experimental popula-

tion to the broader metro area, we find that the households invited and those that

accepted the program tend to come from CDAs that have higher average median in-

come, are more likely to have single-family and owner-occupied housing, have a higher

proportion of Canadian citizens, and fewer households that self-categorize themselves

as immigrants and visible minorities. In Section 8, we provide a discussion of the

potential implications this has on the external relevance of our findings.

52For comparison, the US Census defines their “optimal” census tract size to contain approximately
4,000 individuals, but tracts can range from 1,200 - 8,000 individuals (U.S. Census Bureau, 2023).

53We selected the CDAs to include in the Metro Area definition based on the regions that our
Utility partner targeted in their marketing materials. This targeting was constrained to a region
where the Utility could send out electricians to install load control devices near the province’s largest
metro area.
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Table A3. Comparison of Census Dissemination Area Characteristics

Metro Area Invited Accepted
Mean Age 41.8 41.8 41.9

(6.1) (6.3) (6.3)
Median Household Income 78,518.2 86,828.9 87,055.4

(24,875.0) (20,657.2) (20,420.7)
Single Detached (%) 39.7 52.8 54.2

(31.8) (27.8) (26.8)
Owner Occupied (%) 68.1 76.8 77.3

(21.8) (15.2) (14.5)
High School Education (%) 29.1 29.1 29.0

(6.7) (6.2) (6.2)
Post Secondary Education (%) 56.3 58.0 58.1

(11.7) (9.3) (9.0)
Canadian Citizenship (%) 88.7 92.4 92.8

(8.4) (5.9) (5.6)
Immigrant (%) 34.8 25.7 24.2

(17.3) (14.6) (13.6)
Visible Minority (%) 39.3 25.7 23.5

(27.9) (23.8) (22.0)
Observations 3,382,162 1,661 968

Notes. This Table summarizes data from the 2016 Canadian Census by census dis-
semination area (CDA). The data presents mean and standard deviations (in paren-
theses) for households in CDAs in the metro area where participants were recruited,
the households invited into a demand response program or never-treated groups, and
the households that made it into our experiment (i.e., those that Accepted). The vari-
ables Canadian Citizenship (%), Immigrant (%), and Visible Minority (%) come from
the long-form census that is sent to approximately 25% of households in Canada. For
the Metro Area numbers, published averages are constructed using sampling weights,
meaning they should be interpreted as population-representative estimates for that
geographic area rather than raw sample averages.

Figure A1 presents the distribution of these variables, going one step further

beyond the simple averages in Table A3. These results demonstrate that it is not just

the mean values, but the full distributions of the Invited and Accepted samples are

comparable. Comparing these two samples to the broader metro area, we can get a

more nuanced understanding of what is driving the differences in means. For example,

for the median household income, our sample of invited/accepted households has fewer

households at the bottom end of the income distribution and more in the middle of

the income distribution. The differences in single family housing percentages is driven

by the large mass of near-zero in the metro sample, capturing CDAs in the dense city

center that is largely absent from our sample. While our distribution lies broadly

across the full spectrum of variables that relate to citizenship, % immigrants, and %

visible minority, it is more heavily weighted to citizens and lower immigrant CDAs.
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Figure A1. Distributional Comparison of Census Dissemination Area Characteristics
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Notes. This Figure plots data from the 2016 Canadian Census by census dissemination area (CDA).
The data presents the distribution of CDA-level values for several key variables, including Canadian
Citizenship (%), Immigrant (%), and Visible Minority (%) come from the long-form census that
is sent to approximately 25% of households in Canada. For the Metro Area numbers, published
averages are constructed using sampling weights, meaning they should be interpreted as population-
representative estimates for that geographic area rather than raw sample averages.

Finally, households enrolled in our experiment were required to have at least one

of the following appliances: an electric hot water heater, electric baseboard heat-

ing, and/or a level 2 electric vehicle charger. As a result, the household devices

installed play an important role in our analysis. We leverage publicly available data

on appliance/device adoptions within our metro region, the broader province, and

Canada-wide to better understand the external relevance of our analysis. We use

data as close to the start date of our experiment as possible.

Using 2021 data from Statistics Canada, within the Utility’s metro area and the

broader province, electric baseboard heating served as the primary source of heating

for approximately 30% of households. This compares to 25% Canada-wide (Statistics

Canada, 2022). In a 2019 nationally representative survey on household’s energy

usage from Natural Resources Canada (NRCan), 33% of households in the Utility’s

province reported having an electric hot water heater. This compares to 41% across

Canada (Natural Resources Canada, 2019). While broad statistics on the presence
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of a level 2 electric vehicle (EV) charger are not publicly available to the best of our

knowledge, the 2019 NRCan survey reports that 9% of households in the Utility’s

province have EV and 4.4% of households Canada-wide reported having an EV.

Tables A1 and A2 illustrate that the households that were invited and enrolled in

our program are more likely to have each of the devices compared to the province-

wide and Canada-wide averages. While these statistics illustrate that our sample

includes relatively highly electrified set of households compared to households in the

Utility’s largest metro area and Canada more broadly, the broader statistics on appli-

ance/device adoption rates show that these devices are used by a sizable proportion

of households across the province and country.

67



B Treatment Details

B.1 Program-Specific Event Notifications

Each treatment program experienced event notifications tailored to their treatment.

Each program received a notification 21 and 2 hours before an event. All participants

were shown a short notification according to their device and in-app notification set-

tings. If participants touched and pressed the notification, they were shown the long

notification specific to their program, featured below, with event incentive details.

Figure B1. Long Notification for Central program

Figure B2. Long Notification for Tech program
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Figure B3. Long Notification for Manual program
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Note that all program participants in the three programs were able to locate event

details in the “Advisor” tab of the App, a centralized location for information from

the App company, once they received an event notification. The “Learn More” button

at the bottom right of this information card took participants to the “FAQs” section

of the program-specific experiment website.

Figure B4. Event info in App

B.2 Treatment Program-Specific App Functionality

Each program in our experiment had an App experience and functionality that dif-

fered according to their program assignment. We detail that here and walk through

how participants in each program could have responded to peak events, given the

options in the App.
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B.2.1 Central Program

The Central program participants receive 21-hr and 2-hr notifications regarding up-

coming events, as described in Appendix B.1. These notifications allow them to see

the timing of the event and the magnitude of rewards for electricity consumption

reductions. They also remind participants that their devices with load controllers

would be altered by the Utility to reduce consumption, unless they opted-out of the

event.

There are several ways that Central program participants can opt-out of events.

Before an event starts, they can push an “Opt-out” button in the “My Devices” tab

of the App (Figure B5). (This tab is a central App location that allows App users to

remotely control devices that have load controllers and see the individual electricity

consumption of those devices.) This button removes the participant from the event

globally by removing all of their load-controlled devices from the event.

If they do not opt-out in this way, they see a series of screens in the “My Devices”

tab. These indicate the progression of the event to the participant and signal when

their devices’ electricity consumption is being controlled by the utility, via the icons

above the text “You are opted in”, “Event”, and “Complete” (Figure B6).

During an event, participants can cancel Utility device control in a device-specific

way. For EV chargers and hot water heaters, they can remotely opt-out their device

from being controlled, or they can physically turn off the load controller at the device

itself. For thermostats, participants can opt-out of load control by adjusting them

physically or remotely through the App, during an event.

Note that the Central program has remote and manual control of all devices

with load controllers, just like the Tech program. Central program households can

also change anything else in the house to alter their electricity consumption during

events.
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Figure B5. Central Program Opt-Out Functionality
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Figure B6. Central Program Event Experience
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B.2.2 Tech Program

The Tech program participants receive 21-hr and 2-hr notifications regarding up-

coming events, as described in Appendix B.1. These notifications allow them to see

the timing of the event and the magnitude of rewards for electricity consumption

reductions. They also remind participants that they need to “take action” to make

consumption changes to receive the rewards offered.

The Tech program can remotely control any device that has an installed load

controller through the App. For EV chargers and hot water heaters, they can turn

them off via two clicks from the My Devices section of the App. (See Figure B7 below

for the instructions sent to participants that explain these actions.) Tech program

participants cannot make a schedule to turn off these devices before events start and

must turn them off before or during events to reduce consumption this way. (They

must also remember to turn them on unless they set up a turn-on schedule.)

Figure B7. Controller Guide for Tech Program

For thermostats, the Tech program can set up schedule for their thermostat set-

74



point before events, using the App. They can also adjust their thermostats remotely

during events with the App.

B.2.3 Manual Program

The Manual program participants receive 21-hr and 2-hr notifications regarding up-

coming events, as described in Appendix B.1. These notifications allow them to see

the timing of the event and the magnitude of rewards for electricity consumption

reductions. They also remind participants that they need to “take action” to make

consumption changes to receive the rewards offered.

Manual program participants do not load controllers given to them as part of

this experiment or Utility control of any devices. They therefore only observe these

notifications as well their aggregate, real-time household consumption through the

App. If Manual program participants install their own smart home devices, they

may be able to link them to the smart electricity consumption technology ecosystem

used in this experiment. If so, they may have the capabilities of the Tech program to

observe the real-time consumption of those devices/devices individually and adjust

them remotely through the App. (Only three households in the Manual program

installed their own smart thermostats over our sample period.)

B.2.4 Central, Tech, and Manual Programs

After each event, all three of the Central, Tech, and Manual programs receive a result

on their performance, as depicted below. This appears in the “Advisor” tab of the

App, a central location for information from the App company. This result card

reminds participants of the event type (reward magnitudes being “high” or not) and

the day and time of the event. It shows the incremental reward the participant earned

from the event as well as their cumulative rewards throughout the entire experiment,

including the reward from the prior event. The text below the reward for the last

event is variable and depends on whether a participant met one of the reward tiers.

The rewards screen with one of these text options is shown below in Figure B8.

From this rewards screen, participants can select “Event History” and see their

recent history of event rewards, as shown in Figure B9.54

54Figure B9 was created for illustrative purposes using a series of simulated events. As a result,
the event times differ from the event times considered in our study (i.e., 7:00 AM - 10:00 AM and
5:00 PM - 8:00 PM).
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Figure B8. Rewards Screen
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Figure B9. Event History
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C Extensions and Robustness

C.1 Causal Transience Analysis

In this section, we carry out robustness checks to address the causal transience as-

sumption. First, we carry out a test to evaluate if households adjusted their con-

sumption in event hours on non-event days once peak events began. Second, we

evaluate if there is any evidence that households responded differently depending on

the number of days between peak events or depending on the event type of the prior

event. Third, we present additional results related to heterogeneous average treat-

ment effects of peak events and investigate Central Program’s opt-out behavior over

the duration of our 17-month experiment.

C.1.1 No Carryover to Non-Event Days Post-Treatment

As discussed in Section 4.3, the causal transience assumption requires that our ran-

domized peak events do not lead to persistent changes in consumption in the event

hours on non-event days. We test the validity of this assumption by estimating a

DID regression. Separately for each demand response program, we run the following

regression that excludes event days in the post-treatment period and includes the

never-treated households:

ln(cit) = β Di · EventWindowit + αi + τt + δXit + εit (4)

where EventWindowit equals 1 in the post-treatment period for hours where morning

or evening events occur and 0 otherwise. Di is a categorical variable that captures if

the household is in a demand-response program (i.e., C, T , or M) and 0 otherwise.

All other features of the regression analysis are identical to those in Equation (1).

Because peak events started on February 22, 2022, EventWindowit effectively

“turns on” in the relevant peak event hours after this date on non-event days. This

analysis evaluates whether households in each demand response program adjusted

their consumption during the event windows on non-event days in the post-treatment

period, relative to the never-treated households. If households treated with events

did not systematically alter their behavior on non-event days in response to being

exposed to events on other days (e.g., reflecting some type of systematic adaptive

behavior/habit formation after receiving events), β should be statistically indistin-

guishable from zero. In addition, we consider a specification that estimates separate
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effects for the morning and evening event windows on non-event days.

Table C1 presents the results of our no carryover assumption DID test across all

events, while Table C2 presents the results when we allow for differential effects across

the morning and evening event windows on non-event days. In both specifications, we

find no evidence of changes to non-event day consumption during the event windows.

Table C1. Carry Over DID Estimates by Program

Central Tech Manual
Event Window 0.0241 0.0302 -0.0014

(0.0169) (0.0181) (0.0155)

Notes. The reported results are the program-specific Event Window coef-
ficients from equation (4). For each demand response program, the sam-
ple includes households from their own treatment program and the never-
treated groups. Standard errors are reported in the parentheses and clus-
tered at the household level. All specifications include fixed effects at the
household and hour-of-sample levels.

Table C2. Carry Over DID Estimates by Program and Event Type

Central Tech Manual
Morning Event Window 0.0188 0.0353 -0.0226

(0.0206) (0.0235) (0.0201)
Evening Event Window 0.0295 0.0251 0.0196

(0.0212) (0.0210) (0.0185)

Notes. The reported results are the program-specific Event Window coef-
ficients from equation (4), allowing for differential effects during the morn-
ing and evening event windows. For each demand response program, the
sample includes households from their own treatment program and the
never-treated groups. Standard errors are reported in the parentheses and
clustered at the household level. All specifications include fixed effects at
the household and hour-of-sample levels.

C.1.2 Gaps between Event Days and Prior Event Type

Additional sequence-dependent channels could arise via households responding dif-

ferentially depending on the number of days between peak events or if the prior peak

event occurred in the morning or evening hours. We run two additional specifications

to address each concern. First, there is an average of 9.5 days between peak events,

with an inner quartile range of 6 to 12 days. We create a categorical variable that
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represents the quartile of days between peak events and interact this with the peak

event indicator variable in equation (1). This allows us to test if there are hetero-

geneous treatment effects of peak events by how long it has been since a household

was exposed to a peak event. Second, we extend our regression in equation (1) by

not only allowing for differential responses by event type (morning, evening, and high

evening), but we also allow for heterogeneous effects by whether or not the prior event

occurred in the morning or evening event windows.55

Table C3 presents results of the average estimated treatment effect of peak events

by quartile of days since the last event. Across all three demand response programs,

we do not find significantly different effects across the quartiles.

Table C3. Treatment Effects of Participants by Program and Days Since Last
Event Quartile

Quartile 1 Quartile 2 Quartile 3 Quartile 4
Central -0.3115 -0.3011 -0.3095 -0.2841

(0.0232) (0.0232) (0.0226) (0.0223)
Tech -0.037 -0.068 -0.0527 -0.0414

(0.0189) (0.0177) (0.0201) (0.0190)
Manual -0.0515 -0.0575 -0.0592 -0.0497

(0.0148) (0.0149) (0.0153) (0.0155)

Notes. The reported results are the program-specific Event coefficients from equation
(1), allowing for differential effects by days since last event quartile. Standard errors
are reported in the parentheses and clustered at the household level. All specifications
include fixed effects at the household and hour-of-sample levels.

Table C4 presents results that evaluate if there are differences in the estimated

treatment effects by prior event timing (i.e., morning or evening hours). There is

only one significant difference across all programs and event types; the Tech pro-

gram’s response to evening peak events are marginally significantly higher if the prior

event was a morning event. The effect reverses in direction for the high evening event

treatment effect for the Tech program with the response being larger if the last event

occurred during evening hours (although it is not statistically significant). Conse-

quently, we intepret these results to indicate that there is limited evidence of any

systematic differences in responses depending on the last event type.

55We considered a further granular specification that permitted differential effects if the prior event
was an evening or high evening event. We continue to find no evidence of heterogeneous effects on
this margin.
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Table C4. Treatment Effects of Participants by Program, Event-
Type, and Last Event Type

Prior Event - Morning Prior Event - Evening
Central
Morning -0.3187 -0.2806

(0.0235) (0.0340)
Evening -0.2988 -0.2978

(0.0244) (0.0269)
High Evening -0.3237 -0.3257

(0.0275) (0.0290)
Tech
Morning -0.0183 -0.0058

(0.0195) (0.0338)
Evening -0.0837 -0.0464

(0.0220) (0.0222)
High Evening -0.0666 -0.0843

(0.0227) (0.0292)
Manual
Morning -0.0846 -0.1159

(0.0158) (0.0290)
Evening -0.0456 -0.0587

(0.01720 (0.0182)
High Evening -0.0567 -0.0569

(0.0186) (0.0230)

Notes. The reported results are the program-specific Event coefficients
from equation (1), allowing for differential effects by Event Type and if
the past event was a morning or evening/high evening event. Standard
errors are reported in the parentheses and clustered at the household
level. All specifications include fixed effects at the household and hour-
of-sample levels.

C.1.3 Dynamic Treatment Effects and Opt-Out Behavior

Figure C1 presents the distribution of household-level estimated treated effects, per-

mitting differential effects by Phase. Similar to the program-level estimates reported

in Figure 5, we can observe a reduction in the estimated treatment effect for all three

demand response programs. The Central program, with the documented technical

disconnections occurring during Phase 1, has the largest change between Phase 1 and

Phases 2 and 3.56 For all three programs, we continue to see a stabilization in the

56For the Central Program, the average estimated household-level treatment effect represents a
27.1%, 22.2%, and 24.1% reduction in Phases 1, 2, and 3, respectively. For Tech (Manual), we
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distribution of the estimated effects in Phases 2 and 3. While the Central program

exhibits the most distinct change, the estimated effects in the Central program re-

main systematically above the Tech and Manual programs for all three phases of our

experiment.

Figure C2 expands on the phase-specific analysis in Figure 5 by presenting het-

erogeneous program-level treatment effects by month. This analysis provides further

insight into the dynamics over our 17-month program, but comes with the cost of

precision as we are estimating a larger number of coefficients.

For the Central program, we continue to observe a reduction in the estimated

program-level treatment effect in the first couple of months, with the smallest effects

arising in the summer of 2022. This summer-specific feature likely reflects reduced

controllable loads with limited heating in the summer. The estimated effects then

level off and remain above the Tech and Manual program estimates. For the Tech

program, we see an elevated estimated peak event response early on in our sample.

It is possible that this reflects usage of the connected technologies initially, with a

leveling off after the first 5 months of our program. For the Manual program, we

see a slight reduction in the estimated peak event treatment effect over time. These

results are consistent with our phase-specific analysis.

One avenue through which households in the Central program could adjust their

behavior running up to or during peak events was via actively opting out of events.

We observe an approximate 4% opt-out rate across all peak events for the Central

program, with 90% arising via thermostat adjustments. We investigate if event opt-

out behavior changed over the duration of our experiment.

Figure C3 presents the percentage of event days with opt-outs at the device-level

installed on Central program households, along with the average monthly tempera-

tures. We see a distinct seasonal pattern, with higher opt-out rates negatively asso-

ciated with average temperatures. This is consistent with the observation that when

opt-outs occur, they primarily arise via baseboard thermostat overrides/adjustments.

Visual inspection suggests that there is limited evidence of a systematic changes in

opt-out rates outside of clear seasonal weather patterns.

To more formally test this, we carry out a regression analysis at the device-event

day-level. For our dependent variable, we use an opt-out indicator variable that equals

one if an opt-out occurs and zero otherwise. Our primary objective is to estimate

observe an estimated demand reduction of 5.5%, 2.3%, and 4.4% (4.5%, 2.9%, and 3.6%) during
Phases 1, 2, and 3, respectively.
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Figure C1. Household-Level Estimated Treatment Effects by Program and Phase
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Notes: The reported results summarize the distribution of estimated household-level treatment
effects obtained from estimating specification (2), permitting heterogeneous effects by Phase. We
consider three phases: (1) February 2022 - July 2022, (2) August 2022 - January 2023, and (3)
February 2023 - June 2023. The histogram presents the proportion of observations that fall within
a specific bin’s range. We present the marginal effects on the x-axis to be a percentage change in
consumption using the transformation 100× (exp(β̂i)− 1).83



Figure C2. Program-Level Estimated Treatment Effects by Program and Month

(a) Central Program

(b) Tech Program

(c) Manual Program

Notes: The reported results are program-specific marginal effects calculated from estimating β̂j in
(1) for j ∈ {C,M, T}, adjusted to allow for monthly interactions with the program-event indicator
variables Programji ·Eit. We present the marginal effects to be a percentage change in consumption

using the transformation 100 × (exp(β̂j) − 1). Vertical lines indicate 95% confidence intervals.
Standard errors are clustered at the household level.
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month-specific coefficients to quantify opt-out rates over time. We include cubic

controls for average daily cooling and heating degrees and humidity and fixed effects

for each device, day-of-week, and event-type. These controls aim to remove weather,

calendar and event, and device-specific time-invariant factors that could confound

potential time trends. Standard errors are clustered at the device-level.

Figure C4 reports the estimated month-specific coefficient estimates. The esti-

mates indicate a relatively higher percentage of opt-outs during the first 5 weekdays

of peak events that occurred in February 2022 (i.e., events started on Feb 22, 2022).

While we are not able to test if there were year-over-year changes for all months, we

can compare Feb - Jun 2022 to their corresponding months in 2023. Only February

had a significantly higher opt out rate at the 5% level than February 2023.

We continue to see an elevated opt-out rate in the winter months even after

including our daily temperature controls. This corresponds with the fact that opt-out

rates are driven by the usage and subsequent utility-control of baseboard thermostats

more broadly. Once we remove February 2022, we do not find significantly higher

opt-out rates in March 2022 from the winter/spring months in 2023, higher opt-out

rates in the spring 2022 months from the spring 2023 months, or higher opt-out rates

in the summer 2022 months and June 2023. Taken together, we view these descriptive

results to suggest that there is limited evidence of systematic changes in opt-out rates

for the Central program over time, outside of the first few days of the experiment.
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Figure C3. Central’s Opt-Out Percentage and Average Temperature by Month
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Notes: This Figure presents the percentage of event days with opt-outs at the device-level, alongside
the average monthly temperature (in Celsius).

Figure C4. Regression Estimates of Month-Specific Opt-Out Percentages
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Notes: This Figure presents the monthly coefficient estimates of a regression analysis at the device-
event day level for utility-controlled devices installed at Central program households. The dependent
variable is an indicator measuring event opt-outs. Control variables include indicator variables for
each month of our experiment, cubic controls for average daily cooling and heating degrees and
humidity, and day-of-week, event-type, and device-level fixed effects. Standard errors are clustered
at the device-level.
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C.2 Attrition

In this section, we address the extent and nature of attrition. There are two types

of attrition that could arise in our setting and lead to households no longer partici-

pating in our experiment and their data no longer being available: (i) attrition where

households request to leave the experiment or (ii) attrition where the household’s

close their Utility’s account because they move and presumably sell their homes.

We observed few households requesting to unenroll from of the program altogether,

only 3 households explicitly asked to be unenrolled (with 2 in the Manual and 1 in

Central program). We had a small subset of users unenroll from the experiment

because of Utility account closures. Discussions with our Utility partner indicate

that these represent households that sell their homes and move.

Table C5. Enrolled Participants by Program and Month

Year Month Central Tech Manual Info Control
2022 1 177 184 242 175 188
2022 2 177 184 242 175 188
2022 3 177 184 242 175 188
2022 4 177 184 242 173 188
2022 5 176 184 241 172 188
2022 6 175 184 241 171 187
2022 7 173 184 238 170 185
2022 8 172 182 237 168 184
2022 9 171 182 237 168 180
2022 10 170 181 237 168 178
2022 11 169 180 237 168 177
2022 12 169 179 236 167 177
2023 1 169 179 235 167 177
2023 2 168 178 234 167 177
2023 3 166 177 233 166 176
2023 4 166 177 231 166 176
2023 5 166 177 231 165 175
2023 6 166 175 231 165 175
Final Attrition (%) 6.21 4.89 4.55 6.78 6.91

Notes. This table reports the count of households that were enrolled
by program. Final attrition (%) represents the percentage of initially
enrolled users that unenrolled by the end of our experiment (June 2023).
2 Info users attritted from the program between the initial enrollment
starting in October 2021 and January 2022, leading to 175/177 enrolled
in January 2022.
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Table C5 demonstrates that the attrition rates over the 17-month demand re-

sponse program are modest and fall in the range of 4.55% – 6.91%. The Control

group provides us with a beneficial baseline as they did not receive any intervention.

We passively received their data. Their disconnections represent natural account

closures, which we take to mean that they are moving households and closing their

Utility accounts. The attrition rate in this group reaches 6.9% by the end of our

sample. We observe comparable attrition rates across the Central, Tech, Manual,

and Info programs that received varying degrees of intervention intensity. Attrition

was gradual across each program, consistent with natural turnover from movers. We

use a two-sample test of proportions for each pair-wise program comparison and find

no evidence of a statistically differential attrition rates across programs by June 2023

(end of our experiment). This mitigates concerns that attrition was differential by

demand response program.

Our within-subject design, as outlined by List (2025), comes with the assumption

of a balanced panel. Our main specifications include all households, hereon the Full

sample. We carry out a robustness check that re-estimates our key results, but focuses

only on households that remained in the experiment for the full 17-months (Balanced

sample). We consider a version of this analysis focusing on the entire 17-month

experiment, and permitting differential effects by Phase 1, 2, and 3 using the approach

to estimate dynamic treatment effects outlined in Appendix C.1.3. This allows us to

assess if our heterogeneous treatment effect estimates over time are impacted by the

presence of attrition.

Table C6 reports the coefficient estimates using Equation (1) in our program-level

regressions across Phases 1, 2, and 3 for the Full (in columns (2) - (4)) and Balanced

samples (in columns (6) - (9)). The results for the Full and Balanced samples for

the entire experimental period are reported for reference in columns (1) and (5),

respectively. We can see that our results and key qualitative conclusions are highly

robust across each analysis when comparing the Full and Balanced samples.

Figure C5 reports the distribution of our household-level estimates for the Full

and Balanced samples across the Central, Tech, and Manual programs, using the

specification in Equation (2). We continue to see that our results are robust to

removing the households that attrit over our experiment.57 The distribution of the

Manual program is adjusted slightly when focusing on the Balanced sample as there is

57We carried out an analysis that looks at household-level estimates over Phases 1, 2, and 3, split
by the Full and Balanced sample. Similar to our program-level results reported in Table C6, we find
that our results are robust to excluding the attrited households.
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a reduced mass at zero. However, the average treatment effect remains approximately

-4% with a similar distribution.

Table C6. Program-Level Estimates by Program and Phase with Full and Balanced Samples

(1) (2) (3) (4) (5) (6) (7) (8)
Full Phase 1 Phase 2 Phase 3 Balanced Phase 1 Phase 2 Phase 3

Central -0.3036 -0.3608 -0.2824 -0.2717 -0.3042 -0.3646 -0.2823 -0.2730
(0.0204) (0.0242) (0.0212) (0.0247) (0.0208) (0.0250) (0.0216) (0.0248)

Tech -0.0496 -0.0656 -0.0398 -0.0453 -0.0536 -0.0731 -0.0432 -0.047
(0.016) (0.0184) (0.019) (0.0194) (0.0161) (0.019) (0.0191) (0.0194)

Manual -0.0542 -0.0783 -0.0484 -0.0377 -0.0538 -0.0765 -0.0494 -0.0376
(0.0123) (0.0154) (0.0139) (0.0157) (0.0124) (0.0158) (0.014) (0.0158)

Notes. The reported results are program-specific treatment effect coefficients using the specification in
Equation (1). Standard errors are reported in the parentheses and clustered at the household level. Columns
(1) and (5) report the regression results for the Full and Balanced samples for all months. Columns (2) - (4)
and (6) - (8) report the regression results including the Full and Balanced samples across Phases 1, 2, and
3, respectively. All specifications include fixed effects at the household and hour-of-sample levels. Standard
errors are clustered at the household-level.
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Figure C5. Household-Level Estimated Treatment Effects by Program with Full and
Balanced Samples

0

.05

.1

.15

.2

Pr
op

or
tio

n

-80 -60 -40 -20 0 20
Household Treatment Effects (% Change)

Full Balanced

(a) Central Program

0

.1

.2

.3

.4

Pr
op

or
tio

n

-80 -60 -40 -20 0 20
Household Treatment Effects (% Change)

Full Balanced

(b) Tech Program

0

.1

.2

.3

.4

Pr
op

or
tio

n

-80 -60 -40 -20 0 20
Household Treatment Effects (% Change)

Full Balanced

(c) Manual Program

Notes: The reported results summarize the distribution of estimated household-level treatment
effects obtained from estimating specification (2), separated by the Full and Balanced Samples. The
histogram presents the proportion of observations that fall within a specific bin’s range. We present
the marginal effects on the x-axis to be a percentage change in consumption using the transformation
100× (exp(β̂i)− 1). 90



C.3 Sample Selection Analysis

In this section, we present several analyses to address potential concerns over sample

selection across our demand response programs. First, we present estimates along the

lines of an intention-to-treat (ITT), including households that did and did not accept

the program offers. Second, we perform a bounds analysis to serve as a lower-bound

on our Central and Tech program’s estimated event treatment effect, accounting for

differences in program offer acceptance rates presented in Section 2.4. Third, we

present a robustness to evaluate how our program-level estimates are affected by the

non-event comparison groups included in our regression analysis.

C.3.1 Intention-to-Treat

In our main analysis, we estimate the average treatment effects to peak events by

program for households that accepted the demand response program offers. In this

section, we estimate an estimator similar to an intention-to-treat (ITT) estimate.

Our treatment (events) are randomized within demand response programs for

households that participated in our experiment. Therefore, unlike standard ITT

specifications, we cannot have a binary treatment indicator that turns on for all

households assigned to a specific demand response program, regardless of whether

they accept that program. Because we have periodic events that are randomly as-

signed to those households that chose to enroll in a demand response program, we

create an analogous environment in our setting for all households invited to each pro-

gram. To do this, we assign households that were randomized to receive the Central,

Tech, and Manual program offers but did not accept the offer a distribution of ran-

domized “synthetic” events that is the same as the households that participated. For

these households, this creates a new variable Êit that includes the synthetic events

for households that were invited to the Central, Tech, or Manual programs but did

not accept our offer, and the observed events for households in our experiment (i.e.,

Eit in Equation (1)).

Using the full sample of households (including those that did and did not accept

demand response program offers), we estimate the following equation separately for

each demand response program and including the never-treated households that were

not subject to events:58

58We run two additional specifications of this analysis where we only include households within
each demand response program, and all demand response programs and the never-treated simulta-
neously. Our ITT results are robust to these alternative specifications.
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ln(cit) = βITT Assignedi · Êit + γi Assignedi · ̂Spilloverit + αi + τt + δXt + εit (5)

where Assignedi is an indicator variable that equals one if the household was assigned

to receive a program offer (i.e., the Central, Tech, or Manual offer) and zero otherwise.

Êit is the household-specific event indicator that equals one if household i experiences

an event in hour t (or is assigned a synthetic event, for households that did not accept

the program offer) and zero otherwise. ̂Spilloverit is a vector that includes pre- and

post-event indicator variables that equal one if hour t is two hours prior to and after

a peak event (or synthetic events), and zero otherwise. Similar to our main analysis,

we include fixed effects at the household and hour-of-sample levels; Xt includes the

same vector of hourly weather controls. We cluster standard errors at the household

level.

We also consider a modified version of equation (5) that permits event type-specific

treatment effects. More specifically, Êit is now a household-specific set of indicator

variables that denote whether the household is was assigned a morning, evening, or

high evening event. For households that did not enter into our demand response

programs, the (synthetic) allocation of the three event types is randomized with the

same frequency distribution as for households that did accept the program offers and

receive the event treatments. In this extension, we have separate pre- and post-event

spillover control variables for the hours surrounding morning and evening event (or

synthetic event) windows. All other details of the regression specification remain the

same.

Table C7 provides the ITT estimates. The coefficients imply that offering house-

holds the opportunity to join the Central, Tech, and Manual demand response pro-

grams results in an average reduction in consumption of -13.7%, -3.7%, and -2.8%

during events, respectively, from each program of invited households.59 As expected,

the results are attenuated downward compared to our main estimates as households

that did not join the demand response programs were unaware of the peak events.

These percent changes are what an electric utility company can expect “at the end

of the day” in terms of event-time consumption reductions after both making offers

such as these and conducting event-time alerts. That is, these estimates include both

the extensive margin of program offer acceptance and intensive margin of household

59These calculations reflect the relevant coefficient estimate β̂ITT , transformed to percentage
change in consumption as follows: 100 ∗ ( exp(β̂ITT )− 1 ).
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electricity consumption reductions from those who accepted the offer.

Table C7. ITT Estimates by Program

Central Tech Manual
Assigned × Event -0.1475 -0.0376 -0.0286

(0.0139) (0.0102) (0.0089)

Notes. The reported results are program-specific ITT coefficients from equation (5).
For each demand response program, the sample includes households from their own
treatment program and the never-treated groups. Standard errors are reported in
the parentheses and clustered at the household level. All specifications include fixed
effects at the household and hour-of-sample levels.

These ITT results, like our main event-level treatment effect results, indicate cen-

tralized electricity consumption reductions result in an expected average reduction in

demand during events that is several orders of magnitude larger than non-centralized

programs, without or without the same technology. The ITT estimates here show

uniquely that the relative advantage of centralized demand is still realized, even when

one considers the differential take-up rates across programs. In addition, the Tech

and Manual programs have ITT estimates that are similar in magnitude, consistent

with the findings in our main treatment effect estimates.

Table C8 reports the ITT estimates by event type. The findings parallel the

qualitative conclusions from our main average treatment effects on the households

that participated in our experiment, with smaller estimated effects due to the ITT

including the extensive acceptance margin, as described above. The estimated ITT

coefficients represent an average reductions in consumption during events ranging

from approximately 12% to 16% for the Central program, 3% to 4% for the Tech

program, and 2% to 4% for the Manual program, respectively. We continue to find

modest differences across event types for each demand response program. The pre-

cision of estimates and significance declines for the Manual program; the high peak

event estimate is no longer significant. Further, for each program, we do not observe

any evidence of a significantly higher response to increased financial incentives during

High Evening events.
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Table C8. ITT Estimates by Program and Event Type

Central Tech Manual
Assigned × Morning Event -0.1710 -0.0293 -0.0432

(0.0155) (0.0127) (0.0116)
Assigned × Evening Event -0.1327 -0.0390 -0.0233

(0.0152) (0.0125) (0.0110)
Assigned × High Evening Event -0.1450 -0.0457 -0.0198

(0.0167) (0.0136) (0.0124)

Notes. The reported results are program-specific ITT coefficients from
equation (5), allowing for event type-specific estimates and event-type spe-
cific spillover controls. For each demand response program, the sample
includes households from their own treatment program and the never-
treated. Standard errors are reported in the parentheses and clustered at
the household level. All specifications include fixed effects at the house-
hold and hour-of-sample levels.
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C.3.2 Bounds Analysis

As discussed in Section 4.4, we carry out a bounds analysis to serve as a lower-bound

estimate, particularly to investigate whether the higher response for the Central pro-

gram can be explained by concerns over differences in program offer acceptance rates.

In this analysis, we assume that households are (weakly) more likely to accept a

program offer that involves less intervention by the utility. This is consistent with

the monotonic ranking observed in Table 2, where the percentage of acceptance into

a program that receives peak events is highest in Manual, followed by Tech, and then

Central. We take this ranking to imply that if a household accepted the Central

program offer, they would have been willing to accept the Tech and Manual offer,

and similarly if the household accepted the Tech offer they would have accepted a

Manual program offer.

To illustrate, focusing on the comparison between Central and Manual and using

the acceptance rates in Table 2, if we offered 100 households to join the Manual or

Central programs, 59 and 42 would have accepted, respectively. Under our assump-

tions, this example indicates that 17 more households would have joined Manual than

Central. As a bounding exercise, we compute the average response to peak events for

the Central program, assuming the additional 17 households that would have joined

the Manual programs but not Central joined the Central program, but their response

to peak events was a 0% reduction in demand. This approach takes the conservative

assumption that the households that did not join the Central program, but would

have joined the other program(s), are different based on unobservable factors that

leads them to not respond to peak events. As we see in Figure 3, we find an average

demand reduction to peak events among the households in the Tech and Manual pro-

grams. As a result, it is reasonable to assume that a null response assumption will

serve as a lower bound for these additional households.

We carry out a similar bounding analysis comparing Central to Tech and Tech

to Manual to account for the difference in acceptance rates across programs, and

bound our estimated treatment effects of peak events among those that joined the

experiment. More formally, for each program j ∈ {C, T,M}, define Nj to be the

number of offers made, Aj to be the number of offers accepted, and β̂j to be the

estimated program-level response to peak events reported in Figure 3. The lower

bound estimate for program j relative to program k is as follows:
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(6)

where we consider three cases: (i) j = C and k = T , (ii) j = C and k = M , and (iii)

j = T and k = M .

Table C9 provides lower-bound estimates on the percentage reduction in peak

events by demand response program for the Central program, adjusting by the higher

acceptance rates for Tech and Manual, and the Tech program, adjusting by the higher

acceptance rate for Manual. As expected, the lower bound calculation reduces the

estimated treated effects. However, our key conclusions persist. We continue to

observe an average estimated response for the Central program that is considerably

larger than that in the Tech and Manual programs. Similarly, the estimated response

of the Tech program continues to be in the same range as the Manual program, even

adjusting our estimate downward by the proportion of additional households that

would have accepted the Manual program offer.

Table C9. Lower Bound Program-Level Average Treatment Effects
for Central and Tech (Percentage Change in Peak Event Demand)

Central Tech
Tech-Adjusted -23.18 –
Manual-Adjusted -19.32 -3.96

Notes. The reported results reflect our average estimated treatment ef-
fects of program participants in Equation (1), adjusted downward using
our lower-bounding exercise detailed in Equation (6). A lower bound ex-
ercise is implemented for Central, relative to the higher Tech and Manual
acceptance rates, while a lower bound calculation is only done for Tech rel-
ative to Manual. The lower bound estimates are translated into percentage
change as follows: 100× (exp(DRj,k)− 1).
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C.3.3 Comparison Group in Program-Level Regression

In our main specification in Equation (1), our analysis includes all three demand

response programs and never-treated households. As discussed in Section 4.3, this

approach compares event time consumption to non-event time consumption of house-

holds in the same demand response program, other demand response programs, and

never-treated households. One may be concerned that the programs are differentially

selected, and this impacts our ability to compare event-time to non-event-time con-

sumption decisions across programs, even after including our various control variables.

Tables C10 and C11 present our estimated treatment effects of participants by

program to events and separated by event type, respectively, allowing for regres-

sions only including households in the same demand response program (Column (1)),

same demand response program and only the Control housholds (Column (2)), same

demand response program and only the Info housholds (Column (3)), same demand

response program and all never-treated households (Column (4)), and the results from

our main specification with all groups in Column (5) for comparison purposes. Our

results are consistent across all specifications indicating that the comparison group

does not change our key conclusions.
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Table C10. Treatment Effects of Participants by Program

Program (1) (2) (3) (4) (5)
Central -0.3151 -0.297 -0.3100 -0.2997 -0.3036

(0.0206) (0.0202) (0.0206) (0.0204) (0.0204)
Tech -0.0661 -0.0457 -0.0584 -0.0474 -0.0496

(0.0132) (0.0147) (0.0152) (0.0155) (0.0160)
Manual -0.0507 -0.0418 -0.0528 -0.0459 -0.0542

(0.0092) (0.0108) (0.0113) (0.0117) (0.0123)
Comparisons
Own Program Y Y Y Y Y
Other Treated Y
Never Treated-Control Y Y Y
Never Treated-Info Y Y Y

Notes. The reported results are program-specific treatment effect coefficients. Standard
errors are reported in the parentheses and clustered at the household level. Column (1)
reports the regression results including only within demand response program com-
parisons, column (2) includes both within demand response program and the Control
households, column (3) includes both within demand response program and the Info
households, column (4) includes both within demand response program and the all
never-treated households, and column (5) reports results when all programs/groups are
included. All specifications include fixed effects at the household and hour-of-sample
levels.

98



Table C11. Treatment Effects of Participants by Program and Event-Type

Program (1) (2) (3) (4) (5)
Central
Morning -0.3198 -0.3138 -0.3186 -0.315 -0.3122

(0.0221) (0.0223) (0.0227) (0.0224) (0.0223)
Evening -0.3040 -0.2806 -0.2971 -0.2840 -0.2905

(0.0218) (0.0219) (0.0229) (0.0226) (0.0228)
High Evening -0.3291 -0.3057 -0.3228 -0.3095 -0.3166

(0.0237) (0.0237) (0.0244) (0.0241) (0.0243)
Tech
Morning -0.0495 -0.0299 -0.0357 -0.0272 -0.0159

(0.0128) (0.0173) (0.0176) (0.0188) (0.0199)
Evening -0.0713 -0.0506 -0.0665 -0.0544 -0.0625

(0.0155) (0.0170) (0.0181) (0.0181) (0.0185)
High Evening -0.0786 -0.0569 -0.0727 -0.0603 -0.0677

(0.0166) (0.0188) (0.0197) (0.0200) (0.0206)
Manual
Morning -0.0488 -0.0614 -0.0651 -0.0689 -0.0815

(0.0097) (0.0136) (0.0140) (0.0150) (0.0159)
Evening -0.0488 -0.0304 -0.0446 -0.0331 -0.0399

(0.0108) (0.0129) (0.0139) (0.0143) (0.0149)
High Evening -0.0567 -0.0377 -0.0519 -0.0402 -0.0470

(0.0126) (0.0147) (0.0155) (0.0159) (0.0166)
Comparisons
Own Program Y Y Y Y Y
Other Treated Y
Never Treated-Control Y Y Y
Never Treated-Info Y Y Y

Notes. The reported results are program-specific treatment effect coefficients by event type.
Standard errors are reported in the parentheses and clustered at the household level. Column
(1) reports the regression results including only within demand response program compar-
isons, column (2) includes both within demand response program and the Control households,
column (3) includes both within demand response program and the Info households, column
(4) includes both within demand response program and the all never-treated households, and
column (5) reports results when all programs/groups are included. All specifications include
fixed effects at the household and hour-of-sample levels.
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C.4 Multiple Hypothesis Testing

Our empirical analysis presents an array of null hypotheses that are tested simultane-

ously, hereon referred to as Multiple Hypothesis Testing (MHT). There is a literature

that raises concerns that MHT can lead to a higher probability of a false rejection

of a null because of the large number of tests being performed (Benjamini et al.,

2006; Anderson, 2008; List et al., 2019, 2023). In this Appendix, we carry out several

robustness checks to evaluate if our key results and conclusions are robust to address

concerns over MHT. In particular, we implement a combination of the False Discovery

Rate (FDR) approach used to compute Sharpened Q-values (Benjamini et al., 2006;

Anderson, 2008) and the more conservative Familywise Error Rate (FWER) using

the Romano–Wolf procedure in (List et al., 2019, 2023).

We follow the framework outlined in List et al. (2023) and segment our core em-

pirical analysis into “families” of null hypotheses. For our program-level regression

analysis, we consider the most complete family that includes 24 null hypotheses that

simultaneously evaluates: (i) whether there is evidence of a significant response to

peak events by program relative to non-event days [3], (ii) whether these responses

are different across our three programs: Central, Tech, and Manual [3 pair-wise com-

parison], (iii) whether there is evidence of a significant response for each of the three

different peak event types by program relative to non-event days [9], and (iv) if there

are differences across event-type responses within a given program [9]. We implement

both the FDR and FWER adjustments for this analysis.60

For our household-level regression analysis, we define our family of null hypotheses

to be the set that evaluates if there is a significant response to peak events compared

to non-event days, simultaneously considering all households in the Central, Tech, and

Manual programs. Due to limitations associated with the computational complexity

of the FWER, we are unable to carry out a joint MHT adjustment using the FWER

for the over 600 household-level regressions and their corresponding null hypotheses

tests. We leverage the FDR approach to address concerns of MHT in this setting.

While this is less conservative than the FWER approach, we view this as a reasonable

trade-off for the household-level regressions as policy decisions are unlikely to be made

based on the share of households with a significant response. Rather, they are more

likely to be informed by the headline program-level average treatment effects.

60We use code provided by Anderson’s (2008) analysis to compute sharpened False Discovery Rate
(FDR) q-values. For the FWER MHT adjustment, we the STATA command rwolf2 that computes
Romano-Wolf stepdown adjusted p-values and permits clustering and high dimensional fixed effects.
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We extend this analysis by considering a second family of null hypotheses where

we allow households to have a differential response based on whether or not they

interacted with the App (recall Section 6.2). We consider this broader set of null

hypotheses to evaluate if there is a response to peak events on days the household

did or did not interact with the App.

Table C12. Program-Level Multiple Hypothesis Testing Adjustments

Comparison Model P-Value FDR (Sharpened Q) FWER
Program-Event
Central Event vs. No Event 0.000 0.001 0.001
Tech Event versus No Event 0.002 0.003 0.001
Manual Event versus No Event 0.000 0.001 0.001
Central Event vs. Manual Event 0.000 0.001 0.001
Tech Event vs. Manual Event 0.827 0.267 0.791
Central Event vs. Tech Event 0.000 0.001 0.001

Program-Event-Type
Central Morning vs. No Event 0.000 0.001 0.001
Central Evening vs. No Event 0.000 0.001 0.001
Central High Evening vs. No Event 0.000 0.001 0.001
Tech Morning vs. No Event 0.424 0.146 0.479
Tech Evening vs. No Event 0.001 0.002 0.001
Tech High Evening vs. No Event 0.001 0.002 0.001
Manual Morning vs. No Event 0.000 0.001 0.001
Manual Evening vs. No Event 0.008 0.008 0.001
Manual High Evening vs. No Event 0.005 0.006 0.001
Central Morning vs. Central Evening 0.299 0.124 0.252
Central Morning vs. Central High Evening 0.841 0.267 0.791
Central Evening vs. Central High Evening 0.032 0.024 0.005
Tech Morning vs. Tech Evening 0.037 0.025 0.005
Tech Morning vs. Tech High Evening 0.026 0.021 0.002
Tech Evening vs. Tech High Evening 0.660 0.220 0.720
Manual Morning vs. Manual Evening 0.034 0.024 0.005
Manual Morning vs. Manual High Evening 0.084 0.049 0.022
Manual Evening vs. Manual High Evening 0.503 0.168 0.618

Notes. Comparison represents the null hypotheses being tested across demand response programs and
events/non-event hours. The Model p-value reports the p-values on the relevant comparisons using the
regression model specified in Equation (1) that are not adjusted for MHT. FDR represents the Sharpened
Q-value False Discovery Rate using the procedure outlined in Benjamini et al. (2006). The FWER is
implemented using the rwolf2 command in STATA with 1,000 bootstraps. Standard errors are clustered at
the household-level.

Table C12 presents the results of our MHT-adjustments for the program-level
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hypotheses. There are 24 hypothesis tests separated by two subfamilies: (i) Program-

Event tests and (ii) Program-Event-Type. The Model p-value represents our non-

MHT-adjusted p-values, the FDR represents Sharpened Q-value FDR, and is the

FWER p-values. These results demonstrate that our results are robust to both the

FDR and FWER MHT adjustments. The Central program continues to be highly

significant and different from Tech and Manual, while Tech and Manual are not

statistically significantly different from each other (but they have significant non-zero

responses). The event-type specific results yield the same broad general conclusions

outlined in Section 5.1.

Table C13 presents the percentage of the estimated household-level treatment

effects that are significant and negative at the 5% level using the unadjusted model

p-values and the adjusted FDR sharpened q-values. The results demonstrate that our

key conclusions are robust to the FDR MHT adjustment. Focusing first on Family 1,

we find that a considerably larger proportion of households show a significant response

to peak events compared to Tech and Manual. Under the FDR-adjustment, we only

observe a modest reduction in the percentage of household-specific estimates that are

significant.

Moving to Family 2, we observe fewer household-specific coefficients that are sig-

nificant in the Central program. Further, there is little difference in the proportion

of coefficients that are significant with or without App interactions. Taken together,

this suggests that App interactions play a modest role in the likelihood of whether or

not a household responds to peak events in the Central program. Rather, the inclu-

sion of the App Interaction increases the noise in our household-specific peak event

estimates. The FDR MHT adjustment lowers the proportion of household coefficients

that are significant, but only by a small margin.

Moving to Tech and Manual, we continue to observe a smaller proportion of house-

holds with significant responses both with and without App interactions. However,

unlike Central, we find a larger increase in the proportion of households with sig-

nificant responses by whether or not the household interacted with the App on a

peak event day. Despite the higher proportion of significant results when a household

interacts with the App, we continue to find a sizable difference in the proportion of

significant responses when comparing the Central program to the Tech and Manual

programs. The FDR MHT adjustment lowers the proportion of significant responses

by a few percentage points, but the key qualitative conclusions are robust.
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Table C13. Percentage of Significant Household-Level Estimated Treat-
ment Effects - Multiple Hypothesis Testing FDR Adjustment

Comparison Model FDR (Sharpened Q)
Family 1: Event vs. Non-Event
Central 0.80 0.79
Tech 0.20 0.17
Manual 0.18 0.16

Family 2: Event vs. Non-Event by App Interact
Central
No App Interact 0.68 0.66
App Interact 0.68 0.64
Tech
No App Interact 0.11 0.10
App Interact 0.23 0.20
Manual
No App Interact 0.12 0.10
App Interact 0.26 0.21

Notes. Comparison represents the null hypotheses being tested across demand
response programs and events/non-event hours or across event types. Family 1
includes the null hypothesis for event versus non-event comparisons. Family 2 con-
siders the same comparisons, but permits different effects by whether or not the
household interacted with the App. Model reports the proportion of households
that had a significant response to peak events (with a p-value ≤ 0.05) using the
regression model specified in Equation (2) that are not adjusted for MHTs. FDR
represents the Sharpened Q-value False Discovery Rate using the procedure out-
lined in Benjamini et al. (2006). The FDR is computed for each family of tests
separately. Standard errors are clustered at the household-level.

C.5 Variance Reduction

In this Appendix, we use the approach developed by List et al. (2024) to evaluate the

impact of increasing precision (i.e., reducing the variance) on our estimated peak event

treatment effects at the program-level. To perform the regression adjustment, we use

pre-treatment information on hourly household-level consumption for five months

prior to treatment and household-level responses to a survey at the invitation phase of

our experiment that reported appliance-level information. Using this information, we

construct measures of the average daily load factor, maximum hourly consumption,

and total consumption pre-treatment, as well as variables denoting if a household

had an electric vehicle, electric baseboard heating, electric water heater, and air

conditioning.
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Tables C14 and C15 report the estimated effect of peak events across all event

types and separately by event type, respectively, using these variance-reduction tech-

niques. Column (1) reports a difference-in-sample means (SM) focusing only on post-

treatment data and including no covariate adjustments, and Columns (2) and (3)

include the regression adjustments. LRA denotes a linear regression adjustment and

FRA denotes a flexible regression adjustment where we use a random forest algorithm

to estimate the conditional expectation function.

Consistent with findings in List et al. (2024), the LRA and FRA reduce the stan-

dard error compared to the SM specification, while the LRA and FRA yield similar

standard error levels. In all three approaches, our results yield analogous conclusions

and levels of significance when compared to our main analysis. For the event type-

specific results, the increased precision leads to significant effects for each program

and event type. Compared to findings in Figure 4, the morning event effect is now

significant for the Tech program. While we have increased precision in our estimates,

the conclusions from our analysis are consistent with our main specifications.

Table C14. Variance Reduction by Program

SM LRA FRA
Central -0.3097 -0.3087 -0.308

(0.0057) (0.0011) (0.0011)
Tech -0.0552 -0.055 -0.055

(0.0054) (0.0011) (0.0011)
Manual -0.0465 -0.0468 -0.0468

(0.0048) (0.001) (0.001)

Notes. The reported results are program-specific treatment effect using the variance
reduction techniques in List et al. (2024). The analyses focus on post-treatment data
and include pre-treatment covariates constructed using the 5 months of data between
September 2021 - January 2022: average daily load factor, maximum hourly con-
sumption, total hourly consumption, and variables denoting if the household reported
having an electric vehicle, electric baseboard heating, air conditioning, or an electric
hot water heater. Column (1) reports simple difference in sample means, column (2)
denotes the linear regression adjustment (LRA), and column (3) denotes a flexible
regression adjustment (FRA) where we use a random forest algorithm to estimate the
conditional expectation function.
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Table C15. Variance Reduction by Program and Event Type

SM LRA FRA
Central
Morning -0.3054 -0.3061 -0.3045

(0.0101) (0.0015) (0.0015)
Evening -0.2965 -0.2949 -0.2952

(0.0086) (0.0017) (0.0016)
High Evening -0.3258 -0.3237 -0.3223

(0.0115) (0.0017) (0.0016)
Tech
Morning -0.0204 -0.0203 -0.0198

(0.0097) (0.0015) (0.0014)
Evening -0.059 -0.0594 -0.0612

(0.008) (0.0016) (0.0015)
High Evening -0.0712 -0.0701 -0.0733

(0.0105) (0.0015) (0.0015)
Manual
Morning -0.0367 -0.0365 -0.0365

(0.0087) (0.0013) (0.0012)
Evening -0.0371 -0.038 -0.0382

(0.0071) (0.0014) (0.0013)
High Evening -0.0477 -0.0484 -0.0499

(0.0094) (0.0014) (0.0013)

Notes. The reported results are program-specific treatment effects by program type using
the variance reduction techniques in List et al. (2024). The analyses focus on post-treatment
data and include pre-treatment covariates constructed using the 5 months of data between
September 2021 - January 2022: average daily load factor, maximum hourly consumption,
total hourly consumption, and variables denoting if the household reported having an electric
vehicle, electric baseboard heating, air conditioning, or an electric hot water heater. Column
(1) reports simple difference in sample means, column (2) denotes the linear regression ad-
justment (LRA), and column (3) denotes a flexible regression adjustment (FRA) where we
use a random forest algorithm to estimate the conditional expectation function.
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C.6 Fixed Effects Robustness

In this Section, we present our program-level and household-level regression results

with alternative fixed effects. First, we begin by considering a range of fixed effects

for our program-level regression in Equation (1). We begin with only including fixed

effects at the year-month, hour-of-day, and household-level in column (1), followed

by our main specification in column (2) that considers more granular calendar fixed

effects at the hour-of-sample. Columns (3) - (5) add on more granular fixed effects at

the household-hour-of-day, household-day-of-week, or household-year-month. These

latter specifications help absorb household-specific schedules at various time scales.

Tables C16 and C17 presents results using our peak event indicator variable and

event-type-specific effects, respectively. While the precise estimates can differ across

specifications, our conclusions are robust across these fixed effect combinations.

Second, our household-level analysis in Equation (2) includes fixed effects at the

day-of-week, hour-of-day, and year-month to absorb household-specific factors that

impact consumption decisions. While we are unable to include hour-of-sample fixed

effects in this specification, we consider a specification with more granular calendar

fixed effects at the year-month-hour-of-day. This absorbs household-specific schedules

that can vary over the day.

Figure C6 presents the distribution of the household treatment effects as a per-

centage change in demand during peak events. These results closely reflect the dis-

tributions presented in our main specification in Figure 6. We continue to observe

Central having a much higher (negative) response, while Tech and Manual are closely

concentrated around zero.

We observe a slight reduction in the average estimated household-level treatment

effects for Central (-24% to -23.3%), Tech (-4.6% to -3.9%), and Manual (-4% to

-3.1%). However, even after absorbing more variation in the data with these calendar

fixed effects, our key conclusions persist.
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Table C16. Treatment Effects of Participants by Program - Fixed Effects Ro-
bustness

Program (1) (2) (3) (4) (5)
Central -0.2980 -0.3036 -0.3189 -0.3024 -0.3050

(0.0202) (0.0204) (0.0204) (0.02060 (0.0196)
Tech -0.0442 -0.0496 -0.0636 -0.0515 -0.0479

(0.016) (0.016) (0.0146) (0.0160) (0.0155)
Manual -0.0490 -0.0542 -0.0517 -0.0541 -0.0560

(0.0123) (0.0123) (0.0098) (0.0123) (0.0120)
Fixed Effects
Household Y Y
Year-Month Y
Day-of-Week Y
Hour-of-Day Y
Hour-of-Sample Y Y Y Y
Household-Hour-of-Day Y
Household-Day-of-Week Y
Household-Year-Month Y

Notes. The reported results are program-specific treatment effect coefficients. Standard
errors are reported in the parentheses and clustered at the household level. Columns (1)
- (5) vary the fixed effects included in the analysis indicated in the bottom panel of the
Table.
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Table C17. Treatment Effects of Participants by Program and Event-Type - Fixed
Effects Robustness

Program (1) (2) (3) (4) (5)
Central
Morning -0.2974 -0.3122 -0.3253 -0.3119 -0.3131

(0.0220) (0.0223) (0.0220) (0.0222) (0.0221)
Evening -0.2896 -0.2905 -0.3069 -0.2893 -0.2944

(0.0225) (0.0228) (0.0215) (0.0231) (0.0221)
High Evening -0.3145 -0.3166 -0.3329 -0.3144 -0.3144

(0.0242) (0.0243) (0.0236) (0.0245) (0.0233)
Tech
Morning 0.0030 -0.0159 -0.0457 -0.0176 -0.0130

(0.0201) (0.0199) (0.0151) (0.0197) (0.0200)
Evening -0.0653 -0.0625 -0.0697 -0.0641 -0.0628

(0.0187) (0.0185) (0.0167) (0.0187) (0.0181)
High Evening -0.0640 -0.0677 -0.0754 -0.0702 -0.0636

(0.0203) (0.0206) (0.0177) (0.0207) (0.0200)
Manual
Morning -0.0668 -0.0815 -0.0559 -0.0806 -0.0809

(0.0158) (0.0159) (0.0114) (0.0158) (0.0160)
Evening -0.0409 -0.0399 -0.0472 -0.0403 -0.0426

(0.0150) (0.0149) (0.0112) (0.0150) (0.0146)
High Evening -0.0424 -0.0470 -0.0546 -0.0467 -0.0497

(0.0170) (0.0166) (0.0132) (0.0166) (0.0166)
Fixed Effects
Household Y Y
Year-Month Y
Day-of-Week Y
Hour-of-Day Y
Hour-of-Sample Y Y Y Y
Household-Hour-of-Day Y
Household-Day-of-Week Y
Household-Year-Month Y

Notes. The reported results are program-specific treatment effect coefficients by event type.
Standard errors are reported in the parentheses and clustered at the household level. Columns
(1) - (5) vary the fixed effects included in the analysis indicated in the bottom panel of the
Table.
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Figure C6. Household-Level Estimated Treatment Effect Histograms by Program
with Year-Month-Hour-of-Day Fixed Effects

0

.1

.2

.3

.4

Pr
op

or
tio

n

-80 -60 -40 -20 0 20
Household Treatment Effects (% Change)

Central Tech Manual

Notes. The reported results summarize the distribution of estimated household-level treatment
effects obtained from estimating specification (2), but including more granular calendar fixed effects
at the day-of-week and year-by-month-by-hour-of-day. The histogram presents the proportion of
observations that fall within a specific bin’s range. We present the marginal effects on the x-axis to
be a percentage change in consumption using the transformation 100× (exp(β̂i)− 1).
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C.7 Household Treatment Effects by Event Type

Figure C7 presents the distributions of our household-level treatment effects by pro-

gram and event type. More specifically, we estimate the specification detailed in (2)

but permit different treatment effects by event type: morning, evening, and high

evening.

For the Central program, looking across all households, the average percentage

reduction in consumption ranges from 23% during morning events to 24% in evening

and high evening events. For Tech, this ranges from 1% during morning events to 5%

during evening and high evening events. Finally, for Manual, the average reduction

is 3% during morning events and 4% during evening and high evenings. While the

precise values vary slightly, the average household-level treatment effects are in a sim-

ilar range to those found in the program-level regressions summarized in Section 5.1.

Importantly, we do not find any evidence of a systematically larger average reduction

in consumption during high peak evening events compared to evening events.

A benefit of estimating household-level treatments effects is that we can observe

the full distributions for evening and high evening events. Figure C7 shows that the

Central program’s distributions are quite similar by event type. For the Tech and

Manual programs, there is some evidence to suggest that the response to evening

events are more tightly distributed around zero compared to the high evening events.

However, this does not translate into differences in average treatment effects when

looking across all households, as documented above.
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Figure C7. Household-Level Estimated Treatment Effect Distributions by Program
and Event-Type
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Notes: The reported results summarize the distribution of estimated household-level treatment
effects obtained from estimating specification (2), permitting different treatment effects by event
type: morning, evening, and high evening. The histogram presents the proportion of observations
that fall within a specific bin’s range. We present the marginal effects on the x-axis to be a percentage
change in consumption using the transformation 100× (exp(β̂i)− 1).
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C.8 Consistency of Demand Response

In this section, we expand upon the household-level results to investigate the consis-

tency of responses to events by program. This builds off of the discussion in Section

5.2 and Figure 7 in particular.

Figure C8. Household-Level Estimated Treatment Effects and T-Statistics by Pro-
gram
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Notes. The reported results plot the estimated household-level treatment effects and corresponding
t-statistic obtained from estimating specification (2). We present the marginal effects to be a per-

centage change in consumption using the transformation 100× (exp(β̂i)− 1).

Figure C8 plots the estimated household event responses and the corresponding

t-statistics to better understand the significance of the estimates. The majority of

the Manual and Tech values are closely distributed near zero in both the estimated

event response and t-statistics. Only 20% and 18% of the household-level estimated

treatment effects are negative and significant at the 5% level for the Tech and Manual

programs, respectively.61 This suggests that only a small subset of high-performing

households in these programs were consistent responders to peak events over our 17-

month treatment period. Figure C8 reinforces our finding that the Central program

has large and precisely estimated responses to peak events. 80% of the Central

household-level estimated treatment effects are negative and significant, indicating

61There is a small subset of households with positive estimated treatment effects. These estimated
effects are systematically statistically insignificant, with only 3% being positive and statistically
significant.
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that the majority of Central households provide large and consistent reductions in

consumption during peak events.

In addition to having estimates for household-level treatment effects, we observe

each household’s consumption relative to their baseline for each event. As described in

Section 2.2, the baselines were calculated based on a household’s average consumption

during the relevant event time window over the last five weekdays prior to the event,

excluding event days. For each household, we calculate the proportion of events where

their observed percentage reduction in consumption relative to their baseline was

greater than 0%, 10%, 20%, and 30%. It is important to recognize that this measure

will have some noise. This is particularly relevant for the comparison of consumption

relative to the baseline being greater than 0%. Even if a household did not adjust its

behavior to respond to the event, natural variation would induce consumption to fall

below the baseline for a certain proportion of events. If this randomness is normally

distributed around the baseline, the proportion would be 50%. While this makes

interpreting the results for this measure more nuanced, as we will describe below, it

is still valuable because we can compare the relative performance across programs.

Figure C9 presents, at the household-level, the proportion of events where the

observed percentage reduction in consumption relative to the baseline was greater

than 0%, 10%, 20%, and 30% by program. Focusing initially on the results for

greater than 0% threshold, the Tech and Manual programs have similar distributions

and are slightly rightward shifted above 50%. As noted above, noise in this measure

could result in values near 50% being viewed as having a minimal reduction relative

to the baseline for the greater than 0% threshold. The fact that the Tech and Manual

programs have distributions situated just to the right of 50%, with a small subset of

households exceeding 70%, is consistent with our household-level regression results.

In contrast, the majority of Central households have proportions in excess of 70% of

event days being greater than 0%. This continues to suggest that Central households

consistently reduce their consumption during events.

Figure C9 shows that as the threshold increases to greater than 10%, 20%, and

30% reductions relative to the baseline, the proportion of events where households

achieve reductions above this threshold declines across all programs. However, the

proportion of events where Tech and Manual achieve reductions above this threshold

declines at a much faster rate than Central. For example, the majority of Central

households achieve reductions greater than 20% in at least 50% of events. In contrast,

this number is in the range of 20% - 30% of events for the majority of Tech and Manual
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Figure C9. Household-Level Proportion of Responses with Reductions Relative to
Baseline Greater Than 0%, 10%, 20%, and 30%

0

.02

.04

.06

D
en
si
ty

0 20 40 60 80 100
Proportion

Central Tech Manual

(a) Reduction greater than 0

0

.01

.02

.03

.04

.05

D
en
si
ty

0 20 40 60 80 100
Proportion

Central Tech Manual

(b) Reduction greater than 10%

0

.01

.02

.03

.04

D
en
si
ty

0 20 40 60 80 100
Proportion

Central Tech Manual

(c) Reduction greater than 20%

0

.01

.02

.03

.04

D
en
si
ty

0 20 40 60 80 100
Proportion

Central Tech Manual

(d) Reduction greater than 30%

Notes: Figure plots at the household-level the proportion of events where their observed percentage
reduction in consumption relative to their baseline was greater than 0%, 10%, 20%, and 30% by
program over the period February 1, 2022 - June 30, 2023.

households, with a small subset of higher performers who consistently reduce their

consumption above this threshold in the majority of events.

Taken together, these results suggest that the Central program was able to achieve

a high and consistent demand reductions for the majority of events over the 17-months

they were exposed to peak events. This differs from the Tech and Manual programs

that achieved more modest demand reductions for a smaller proportion of events.
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C.9 Principal Stratification Robustness

In this Appendix, we begin by presenting descriptive information on the households

that are deemed to be responders in Section 6.1. Responders in our baseline results

are those with significant reductions in consumption during peak events at the 5%

level. We then present results that consider alternative approaches to categorizing

responders.

With Table C18, we see that, consistent with results in Section 6.2 Table 5, for the

Tech and Manual programs, households that are deemed to be responders interact

with the App at a significantly higher rate. In contrast, for the Central program,

responder households interact with the App at a rate that is close to the broader

program-level average. As would be expected, households that are defined as respon-

ders almost exclusively fall within the top two performance quartiles, and there is

a considerably higher number of households in the top quartile among the Central

program.

Table C18. App Interaction and Household-Level Estimated Treatment Effects of Responders

Sample App Interactions Quartile 1 Quartile 2 Quartile 3 Quartile 4
Central Full Sample 0.27 111 44 15 7

Responders 0.29 111 31 0 0
Tech Full Sample 0.24 20 43 53 68

Responders 0.44 20 16 0 0
Manual Full Sample 0.19 20 64 83 75

Responders 0.37 19 24 1 0

Notes. The reported results present the daily frequency of App Interactions by program separately for
the Full Sample and for those households that are deemed to be responders. The quartiles represent the
number of households that fall into each performance quartile, where performance is based on the estimated
household-specific treatment effects obtained from Equation (2).

We consider alternative thresholds to define responders to evaluate the robustness

of our conclusions to the classification used in the principal stratification framework.

Our analysis in Section 6.1 categorized households as responders as a household

whose estimated treatment effect during peak events is negative and significant at

the 5% level. We present results that vary the significance threshold in the range

{0.01, 0.025, 0.05, 0.075, 0.10}. As an alternative, we define a responder based on the

magnitude of their household-level estimated treatment effect. We consider a range of

thresholds where a household is classified as a responder if their estimated percentage

peak event demand reduction is at least 2.5%, 5%, 7.5%, 10%, or 15%.
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Table C19. Responder Shares and Average Peak Demand Reduction Among Respon-
ders - P-Value Robustness

Central Tech Manual
p = 0.01
Share of Responders 0.76 0.15 0.13
Household Treatment Effect (%) -32.13 -31.18 -26.94
p = 0.025
Share of Responders 0.79 0.17 0.15
Household Treatment Effect (%) -31.67 -28.94 -24.9
p = 0.05
Share of Responders 0.80 0.20 0.18
Household Treatment Effect (%) -31.29 -27.11 -22.93
p = 0.075
Share of Responders 0.83 0.22 0.21
Household Treatment Effect (%) -30.65 -25.46 -21.19
p = 0.10
Share of Responders 0.84 0.26 0.24
Household Treatment Effect (%) -30.36 -22.83 -19.53

Notes. The reported results present the average household-level estimated treatment effects
from estimating specification (2), focusing only on households deemed to be responders. We
vary the definition of responders whose coefficients are negative and significant at the p-value
0.01, 0.025, 0.05, 0.075, and 0.10 levels. We present the marginal effects to be a percentage change
in consumption using the transformation 100× (exp(β̂i)−1). Share of responders represents the
percentage of households within a demand response program that are classified as responders.

Table C19 summarizes the results using the range of significance thresholds. As

expected, a less (more) stringent threshold increases (decreases) the proportion of

responders across all three programs. We continue to see a weakly monotonic rela-

tionship in the share of responders as we move from Manual to Tech and Tech to

Central, with only a small increase in the share for Manual to Tech. There is a con-

siderable increase in the share as we move from Tech to Central. Further, the average

household level treatment effect (% reduction in demand) among households that are

categorized as Responders is largest for Central followed by Tech and then Manual.

The effects remain significantly different for Central compared to Tech and Manual

for all cases except for the most stringent definition with p = 0.01 where Central and

Tech are not significantly different. One possible explanation for this result could be

that with this high threshold of significance, we are isolating the small number of

highest performers among the Tech program who are willing to put a high degree of

effort, or possibly utilizing the installed load controllers.
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Table C20. Responder Shares and Average Peak Demand Reduction Among Respon-
ders - % Reduction Threshold

Central Tech Manual
Reduction 2.5%
Share of Responders 0.93 0.47 0.45
Household Treatment Effect (%) -28.4 -15.35 -13.46
Reduction 5%
Share of Responders 0.87 0.34 0.34
Household Treatment Effect (%) -29.75 -19.2 -16.21
Reduction 7.5%
Share of Responders 0.82 0.24 0.24
Household Treatment Effect (%) -30.87 -24.27 -19.77
Reduction 10%
Share of Responders 0.78 0.18 0.17
Household Treatment Effect (%) -31.95 -28.79 -24.94
Reduction 15%
Share of Responders 0.71 0.14 0.11
Household Treatment Effect (%) -33.73 -33.33 -30.83

Notes. The reported results present the average household-level estimated treatment effects from
estimating specification (2), focusing only on households deemed to be responders. We vary the
definition of responders whose coefficients are negative and achieve percentage reductions at or
above thresholds ranging from 2.5%, 5%, 7.5%, 10%, to 15%. We present the marginal effects
to be a percentage change in consumption using the transformation 100× (exp(β̂i)− 1). Share
of responders represents the percentage of households within a demand response program that
are classified as responders.

Table C20 summarizes the results using the percentage reduction thresholds to

define responder households. Despite differences in the scales, these results continue

to reflect the conclusions reported in Section 6.1. The difference in the share of re-

sponders remains considerably higher for Central compared to Tech and Manual, and

the average household treatment effect is the highest for Central program households

among those deemed responders. The latter difference is significantly different for all

cases except for the most stringent threshold of a 15% reduction.

Taken together, both robustness tables continue to suggest that the Central out-

performs the Tech and Manual programs along both margins: Substantially more

households exhibit a response to peak events, and the households that do respond

under Central reduce demand by more on average. These results suggest that the

former extensive-response-margin effect is the key driver.
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C.10 Additional Device-Specific Results

Table C21 reports the number of households that had load-controllers installed on

thermostats (binary), hot water heaters, and electric vehicle level 2 chargers for our

Central and Tech programs. The table also presents the count of thermostats to

capture the fact that an average household in our sample with an electric baseboard

unit had 4 thermostat devices. We can see that a large portion of households in

our experiment had load controllers installed on thermostats and/or their electric

hot water heater. Only a small share of participants had load-controllers installed

on level 2 EV charges, likely driven in part by the relatively low penetration of EVs

in 2021-2022. The majority of households in both programs had only one device,

and when a household had multiple load-controllable devices, the majority of these

households had an electric hot water heater and electric baseboard thermostats.

Table C21. Installed Load Controllable Device Counts - Central and Tech Programs

Households Thermostats Thermostat Water Heaters EV
(Count) (Binary) (Count)

Central 177 112 469 127 23
Tech 184 116 468 132 16

Notes. This table reports the number of installed load-controllable devices by technology.
Thermostats (Binary) report the number of households that have a load-controllable thermo-
stat, while Thermostats (Count) is the count of controllable thermostats as households often
have multiple thermostats.

Figures C10 - C12 present the hourly electricity usage data for each of the three

device types for Central and Tech households, separated by days where there was no

event, a morning event, an evening event, and a high peak evening event. The shaded

regions in the graph denote the hours with peak events in the morning or evening

windows.

We can see a near zero electricity usage during peak events across all types for the

Central program for the hot water heater and EV level 2 charger. This is followed

by a rapid snap-back effect as the load control ends at the end of an event. For the

thermostats, we observe a reduction during events, but the effect is smaller compared

to the other devices, and the magnitude of reduction tends to decrease over the du-

ration of the event. This likely reflects the fact that the utility-managed thermostats

responded to a peak event by reducing the set point by up to three degrees (C), and

once the new set point was reached, the devices turned back on to maintain this new
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set point. In contrast, for the households in the Tech program, we see limited evidence

of a change in device usage for the hot water heaters or smart thermostats. For the

small number of households with load controllers on EVs, there is some suggestive

evidence of a response, but it is much smaller in magnitude than that observed for the

Central households. These results are consistent with the estimated device-specific

average peak event responses reported in Section 6.3.

Figure C13 reports the linear specification to compare with the results in Figure

9. We continue to find limited evidence of a large response for Tech households.

There is now a small average reduction in hot water usage during peak events, and

the reduction in EV usage is significant at the 5% level. For Central, we continue to

observe large and significant effects for all device types. The hot water heater has the

largest estimated effect, followed by the EV and thermostats.

Figure C14 extends the analysis reported in Figure 9 by allowing the response to

peak events to vary by event type. Across both the Central and Tech programs, we

do not find any evidence of a differential response by event type.
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Figure C10. Average Hot Water Usage by Day-Type and Program
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Notes: Figure plots mean electric hot water heater consumption by hour and demand response
program on non-event days, on event days, and non-event days over the period February 1, 2022
- June 30, 2023. Event days are separated by type: Morning, Evening, and High-Evening. The
shaded area represents the relevant 3-hour event period.
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Figure C11. Average Thermostat Usage by Day-Type and Program
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Notes: Figure plots mean electric baseboard thermostat consumption by hour and demand response
program on non-event days, on event days, and non-event days over the period February 1, 2022
- June 30, 2023. Event days are separated by type: Morning, Evening, and High-Evening. The
shaded area represents the relevant 3-hour event period.
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Figure C12. Average Electric Vehicle Usage by Day-Type and Program
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Notes: Figure plots mean electric vehicle consumption by hour and demand response program on
non-event days, on event days, and non-event days over the period February 1, 2022 - June 30,
2023. Event days are separated by type: Morning, Evening, and High-Evening. The shaded area
represents the relevant 3-hour event period.

122



Figure C13. Device-Specific Estimated Treatment Effects, Linear Specification - Cen-
tral and Tech Programs
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Notes: The reported results are device-specific marginal effects calculated from estimating β̂j using
the specification in (1) separately for each j ∈ {C, T}, replacing the household-level consumption
with device-specific consumption and considering a linear-specification instead of a log dependent
variable. We present the marginal effects to be a kWh change in electricity during peak events.
Vertical lines indicate 95% confidence intervals. Standard errors are clustered at the household
level.
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Figure C14. Device-Specific Estimated Treatment Effects by Event Type - Central
and Tech Programs
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Notes: The reported results are device-specific marginal effects calculated from estimating β̂j using
the specification in (1) separately for each j ∈ {C, T} permitting differential peak event responses
by event type and replacing the household-level consumption with device-specific consumption. We
present the marginal effects to be a percentage change in consumption using the transformation
100× (exp(β̂j)− 1). Vertical lines indicate 95% confidence intervals. Standard errors are clustered
at the household level.
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C.11 Heterogeneous Effects by Temperature and Daily System Load

Peak events are randomized across households and days. In this Appendix, we eval-

uate whether households responses vary with outdoor temperature and system peak

load in the Utility’s territory. First, we run our program-level regressions in Equation

(1) separately for each demand response program, but interact the peak event indi-

cator with heating degree day (HDD) quartile. This permits differential effects by

outdoor temperature. We focus on heating degrees because cooling degrees are infre-

quent in our setting. Second, we adjust this specification by instead permitting the

peak event indicator to vary by aggregate system-wide daily peak demand quartile in

the Utility’s territory.62

Figures C15 and C16 demonstrate that there is limited evidence of any differential

effects across these dimensions for the Tech and Manual programs. There are no

significant differences across quartiles at the 5% level. For the Central program, the

peak event response is lower in the first quartile of HDD and daily system peak

demand. However, the estimated effect is only statistically significantly different

than the Q2 - Q4 quartiles for HDD. These results continue to demonstrate that the

Central program produces a consistently higher reduction in demand during peak

events. More broadly, for all three programs, the demand reductions are broadly

consistent across a range of system-wide demand and temperature conditions.

62We also ran a version of this analysis that permitted differential effects by quintile. The quali-
tative conclusions are robust to this more granular specification.
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Figure C15. Average Treatment Effect of Participants by Program and HDD Quartile
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Notes: The reported results are program-specific marginal effects calculated from estimating β̂j using
the specification in (1) separately for each j ∈ {C, T}, permitting differential effects by HDD quartile.
We present the marginal effects to be a percentage change in consumption using the transformation
100× (exp(β̂j)− 1). Vertical lines indicate 95% confidence intervals. Standard errors are clustered
at the household level.
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Figure C16. Average Treatment Effect of Participants by Program and Daily System
Peak Demand Quartile
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Notes: The reported results are program-specific marginal effects calculated from estimating β̂j

using the specification in (1) separately for each j ∈ {C, T}, permitting differential effects by daily
system-wide peak demand quartile. We present the marginal effects to be a percentage change in
consumption using the transformation 100 × (exp(β̂j) − 1). Vertical lines indicate 95% confidence
intervals. Standard errors are clustered at the household level.
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C.12 Performance Quartiles by Demand Response Program

We use the household-level treatment effect estimates from Equation (2) to define

performance quartiles, looking across all demand response programs. Figure C17

presents the proportion of each performance quartile from households in the Central,

Tech, and Manual programs. We can see that the top quartile consists largely of

Central program households, with 13% from the Tech and Manual programs. As

we move down the performance quartile, a smaller share of households are from the

Central program, while an increasing share are in the Tech and Manul programs.

Figure C17. Share of Participants by Performance Quartile
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Notes: The reported results use the household-level estimated treatment effects in Equation (2) to
define performance quartiles and compute the share of households in each quartile that come from
the Central, Tech, and Manual programs.
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C.13 Pre- and Post-Event Spillover Effects

Tables C22 and C23 report results of the pre- and post-event spillover effect coef-

ficients in Equation (1), along with the peak event treatment effects. For the Tech

and Manual, there is limited evidence of pre- or post-event effects. In contrast, for

Central we observe a distinct positive and significant “snapback” effect post-event.

These results persist when we break out the peak event analysis by event type.

Table C24 presents analogous results using our device-specific data detailed in

Section 6.3 for the Central and Tech programs. We continue to see limited significance

for the Tech program pre-, post-, and during peak events. In contrast, as detailed in

Section 6.3, we see large reductions during peak events for all three devices for the

Central program. The largest post-event snap-back effects arise from the hot water

heater, followed by the thermostat load-controllers. For the EV, there is no evidence

of a post-event snap-back effect. However, there is a general reduction in EV charging

both prior to and during the event, with the event effect being an approximately 5

times larger. This result indicates that at least a subset of Central households reduced

charging running up to events after receiving the event notification (e.g., by simply

not plugging in their EV or delaying charging via an App).

Footnote 14 provides a detailed discussion of this snap-back effect and how it

should be mitigated with a more sophisticated algorithm upon a full-scale rollout of

an automation-driven program.

Table C22. Treatment Effects of Participants by Program
- Spillover Effects

Program Pre-Event Event Post-Event
Central 0.0056 -0.3036 0.2063

(0.0123) (0.0204) (0.0195)
Tech 0.0163 -0.0496 0.0034

(0.0118) (0.016) (0.0121)
Manual 0.0030 -0.0542 -0.0031

(0.0102) (0.0123) (0.0101)

Notes. The reported results are the program-specific pre-event,
event, and post-event coefficients from equation (1). Standard
errors are reported in the parentheses and clustered at the house-
hold level. All specifications include fixed effects at the household
and hour-of-sample levels.
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Table C23. Treatment Effects of Participants by Program -
Spillover Effects

Program Pre-Event Event Post-Event
Central
Morning 0.0166 -0.3122 0.2104

(0.0196) (0.0223) (0.0238)
Evening 0.0024 -0.2905 0.2061

(0.0173) (0.0228) (0.0238)
High Evening -0.0047 -0.3166 0.2157

(0.0139) (0.0243) (0.0336)
Tech
Morning 0.0284 -0.0159 0.0237

(0.0219) (0.0199) (0.0188)
Evening 0.0084 -0.0625 -0.0034

(0.0153) (0.0185) (0.0177)
High Evening 0.007 -0.0677 -0.0052

(0.0147) (0.0206) (0.0116)
Manual
Morning -0.0155 -0.0815 -0.0433

(0.0165) (0.0159) (0.0162)
Evening 0.0161 -0.0399 0.0078

(0.0151) (0.0149) (0.0145)
High Evening -0.0137 -0.0470 0.0174

(0.0125) (0.0166) (0.0117)

Notes. The reported results are the program-specific pre-event, event,
and post-event coefficients from equation (1), allowing for differential
effects by event type. Standard errors are reported in the parentheses
and clustered at the household level. All specifications include fixed
effects at the household and hour-of-sample levels.
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Table C24. Device-Specific Treatment Effects of Participants by
Program - Spillover Effects

Program Pre-Event Event Post-Event
Central
Hot Water -0.0014 -3.8001 0.5624

(0.0117) (0.2344) (0.0231)
Thermostat -0.0175 -1.4137 0.2532

(0.0249) (0.0951) (0.0310)
Electric Vehicle -0.4232 -2.0528 -0.1985

(0.1656) (0.4866) (0.3089)
Tech
Hot Water 0.0046 -0.0298 0.0286

(0.0122) (0.0140) (0.0168)
Thermostat -0.0146 -0.0131 0.0062

(0.0246) (0.0246) (0.0231)
Electric Vehicle 0.0439 -0.1757 0.0907

(0.1505) (0.1272) (0.1242)

Notes. The reported results are the pre-event, event, and post-event coef-
ficients from estimating equation (1) separately for the Central and Tech
using device-level data. Standard errors are reported in the parentheses
and clustered at the household level. All specifications include fixed ef-
fects at the household and hour-of-sample levels.
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D End of Experiment Survey

D.1 Survey Details

The following is text from a voluntary, end-of-experiment survey sent out to partici-

pants in the Central, Tech, and Manual programs via email, in mid-June, 2023.

Survey instructions :

“This short survey is designed to hear about your experience in the Peak Rewards

Trial through [APP NAME]. All homes had a different experience, and we want to

hear about yours.

We appreciate the time and thought you put into this survey.

Properly completed surveys will be rewarded with $20 on bill credit as a token of

our gratitude.”

Survey questions used in our analysis:

“What is your approximate household income?

• Less than $50k per year

• $50-99k per year

• $100-149k per year

• $150-200k per year

• Over $200k per year

• Don’t know/Rather not say”

“For the events you noticed, how often was it worth your time to participate by

attempting to reduce your electricity consumption?”

• Never

• Sometimes

• About half the time

• Most of the time

• Always

• Don’t know/Not Applicable”
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D.2 Survey Response

In this section, we compare the observable characteristics of participants who

filled out the end-of-experiment survey to those who did not. The Table below

recreates our balance Table A2 (using pre-treatment data), but separates the

results by whether or not the household responded to the exit survey. The

p-value corresponds to a difference in means test.

Table D1 demonstrates that the non-respondents had larger cumulative con-

sumption during the pre-treatment period. Non-respondents also were more

likely to have an electric vehicle. All other characteristics are similar across the

two groups.
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Table D1. Balance by Exit Survey Response (Pre-Treatment Data)

Yes No p-value

Cumul. kWh
Winter 5,229 5,892 0.04∗∗

(2,810) (3,199)
Spring 3,675 4,167 0.02∗∗

(1,788) (2,104)
Summer 2,614 3,155 0.01∗∗∗

(1,492) (2,142)
Fall 3,528 4,012 0.02∗∗

(1,721) (2,016)
Load Factor
Winter 24.96 25.21 0.78

(8.61) (8.89)
Spring 19.82 19.98 0.83

(6.64) (6.93)
Summer 16.56 17.21 0.37

(6.87) (6.76)
Fall 18.66 19.12 0.51

(5.91) (6.72)
Electric Vehicle 0.24 0.32 0.05∗∗

(0.42) (0.47)
BaseBoard Heating 0.66 0.64 0.71

(0.47) (0.48)
Air Conditioning 0.47 0.51 0.32

(0.50) (0.50)
Electric Hot Water 0.72 0.70 0.56

(0.45) (0.46)
House Duplex 0.83 0.82 0.71

(0.37) (0.38)
Median Income 86,377 87,434 0.55

(19,853) (19,835)

Observations 429 174

Notes. This table compares pre-treatment average values by whether or not
the household participated in the exit survey. Parentheses contain the stan-
dard deviations. Cumul. kWh and Load Factor represents the cumulative
household-level consumption and load factor by season. Electric Vehicle,
Baseboard Heating, Air Conditioning, and Electric Hot Water are indica-
tor variables denoting the presence of each device. House/Duplex is a indi-
cator variable if the home type is a single-family home or duplex. Median
Income reports the median household-level income of the Census Dissemina-
tion Area where the household is located. p-value from a difference in means
test across the two groups. Statistical Significance * p < 0.10, ** p < 0.05, and
*** p < 0.01.
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D.3 Survey Regression Robustness

We extend the analysis reported in Table 6 by considering a more flexible set

of control variables. In addition to the covariates reported in Section 6.4, we

include household-level pre-treatment covariates constructed using the 5 months

of data between September 2021 - January 2022: average daily load factor,

maximum hourly consumption, and total hourly consumption. We use the post-

double-selection (PDS) methodology established by Belloni et al. (2014). The

PDS approach uses the LASSO estimator to select control variables to include in

our regression. This allows us to include a broader set of control variables in our

survey analysis that is limited by a relatively small number of observations. The

results of this analysis are reported in Table D2. The conclusions drawn from

this regression analysis are consistent with those found in Table 6, with moderate

increases in precision on the income-based survey responses in particular.

Table D2. Household Treatment Effect on Worth Time and Income -
PDS-LASSO Robustness

Coefficient Std. Error P-Value

Worth Time
Sometimes -2.3561 2.1419 0.2713
Half of the Time -4.6151 2.3247 0.0471
Most of the Time -7.2430 2.3268 0.0019
Always -12.5793 2.7561 0.0000

Income
50 - 99k 5.9511 4.1659 0.1531
100 - 149k 7.8401 4.1132 0.0566
150 - 200k 10.0919 4.1621 0.0153
>200 k 9.7884 4.0547 0.0158

Program Indicators

Central -16.7716 1.6714 0.0000
Tech -1.1261 1.4763 0.4456

Notes. The reported results present the estimates for Worth Time, Income, and
Program variables in Equation (3), but including additional household-level pre-
treatment covariates constructed using the 5 months of data between September
2021 - January 2022: average daily load factor, maximum hourly consumption,
and total hourly consumption. The results are estimated using the PDS-LASSO
algorithm to select the control variables. Heteroskedastic-robust standard errors
are reported in parentheses. Statistical Significance * p < 0.10, ** p < 0.05, and
*** p < 0.01.
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The regression in Equation (3) carries out several tests on the Worth Time

and Income categories simultaneously. As detailed in Appendix C.4, in this

setting it is important to account for multiple hypothesis testing. We follow the

same approach in the Survey regression and implement both the FDR Sharpened

Q and FWER MHT corrections. The results are reported in Table D3. Focusing

on the most conservative FWER MHT-adjustment, we see a reduction in the p-

values as expected. The Worth Time coefficients maintain the same thresholds

of significance, but the Income coefficients are no longer significant. 63

Table D3. Household Treatment Effect on Worth Time and Household
Income - Multiple Hypothesis Testing Adjustments

Comparison Model P-Value FDR (Sharpened Q) FWER
Worth Time
Sometimes 0.1025 0.0530 0.2392
Half of the Time 0.0088 0.0180 0.0502
Most of the Time 0.0001 0.0010 0.0054
Always 0.0000 0.0010 0.0008

Income
50 - 99k 0.2254 0.0930 0.2392
100 - 149k 0.1090 0.0530 0.2392
150 - 200k 0.0302 0.0320 0.1042
> 200 k 0.0310 0.0320 0.1042

Notes. Comparison represents the null hypotheses being tested across demand
response programs. The Model p-value reports the p-values on the relevant
comparisons using the regression model specified in Equation (3) that are not
adjusted for MHT. FDR represents the Sharpened Q-value False Discovery
Rate using the procedure outlined in Benjamini et al. (2006). The FWER is
implemented using the rwolf2 command in STATA with 5,000 bootstraps. In
all three estimates, the standard errors are heteroskedastic-robust.

63As can be seen in Table D3, the p-values of the FDR and FWER can be the same for a
subset of categories. In these MHT corrections, adjusted p-values from the stepdown procedures are
constructed to be monotone in the ordering of the underlying test statistics, with each hypothesis’s
adjusted value taken as the running maximum over all hypotheses ranked ahead of it (Romano and
Wolf, 2016). Where the raw ordering would otherwise violate this constraint, a block of adjacent
hypotheses is assigned the same binding value, so identical adjusted p-values across several outcomes
reflect the step-function form of the correction.
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