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Trial report (last revised 2nd June 2026)

This report presents results from a collaborative field trial conducted with Canadian utility
Hydro One, in the province of Ontario. Hydro One is Ontario’s largest electricity transmission
and distribution service provider with nearly 1.5 million predominantly rural customers
covering approximately 75% of the vast geographic area of Ontario. The objective of the trial
is to assess whether behaviourally- informed customer communications can increase
enroliment in a smart thermostat demand-flexibility program (myEnergy Rewards), and to
evaluate how participating households respond during utility-initiated heating, ventilation and
air conditioning (HVAC) demand response events. The trial was exploratory in nature and
designed to generate evidence on incremental program recruitment using two marketing
tactics — a postcard alone or paired with an email — and near-term load-shifting behaviour.

The trial tested alternative marketing messages sent to a large population of residential
customers, but only a small fraction of recipients ultimately met the technical eligibility
requirements (e.g., having central air conditioning and a compatible smart thermostat) and
enrolled in the program. As a result, while the outreach experiment covered more than
135,000 customers, the effective sample of enrolled households—particularly those with
usable, high-frequency consumption data for HYAC events—was much smaller.

Within this context, the main findings are as follows:

e Financial incentives were the most effective enroliment lever among the tested
messages.
Of the behavioural framings evaluated, communications highlighting the financial
rewards associated with myEnergy Rewards consistently outperformed messages
emphasizing environmental benefits or ease of use. Incentive-based messaging
increased enrollment rates by roughly 2.6—4.4 times relative to the control group,
particularly when delivered through both postcard and email.

e Absolute enroliment from trial marketing tactics remained low, limiting
downstream inference.
Despite statistically significant relative effects, overall take-up of myEnergy Rewards
from this field trial was small in absolute terms, increasing from approximately 0.03%
in the control group to about 0.05-0.08% among treated customers. This low uptake
reflects several contextual factors, including technology eligibility constraints,
competition from other smart-home offerings, and the fact that the program was
already in its second year of operation. It may also reflect a customer preference for
digital marketing channels.
Responses differed across Hydro One platoons. Areas such as Stouffville and
Armitage exhibited strong and consistent reductions during event hours, while
Muskoka showed weaker and more variable effects. This heterogeneity likely reflects
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differences in housing stock, occupancy patterns, and cooling needs, suggesting that
local context is an important determinant of demand-response effectiveness.

e Limited evidence of lasting changes beyond the event period.
For most regions, consumption during non-event days and in the post-season period
closely resembled pre-event patterns, indicating that the observed effects were
largely confined to active HVAC events rather than producing persistent behavioural
change.

Overall, this trial indicates that smart thermostat demand-response programs can reliably
deliver targeted peak-time load shifting when events are called, supporting grid reliability
during periods of high demand. To drive enroliment, communications emphasizing financial
rewards consistently outperformed messages focused on environmental benefits or ease of
use, with stronger effects when customers received both a postcard and an email.
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Countries around the world are transitioning away from fossil fuels to renewable energy
sources to meet their Net Zero targets. While the transition is beneficial for the environment,
an important challenge remains: it is not (presently) possible to rapidly increase or decrease
the generation of solar, wind, and water power to meet existing fluctuations in demand. One
solution to this problem is to encourage demand flexibility, which refers to the capability,
motivation, and willingness of consumers to adapt their energy usage in response to the
needs of the grid.

Residential consumers (i.e., households), who are responsible for approximately one-fourth
of global energy consumption, have a large potential for demand flexibility. One way to
achieve this potential is through the installation of demand response technologies such as
smart thermostats. With a smart thermostat installed, residents can enable their utility
provider to temporarily adjust their indoor temperature by a few degrees when the demand
for energy is at its highest by remotely sending curtailment signals to the smart thermostat.
When the adjustment is done across hundreds or thousands of households, it can
considerably alleviate the stress on the grid.

Increasing the adoption of smart thermostats with demand response capabilities can speed
up the green transition. It can also significantly improve the grid’s stability and reduce the
need for other (often more costly) solutions, such as building additional energy infrastructure.

In collaboration with Hydro One, a Canadian utility, we conduct a trial to answer two
research questions:
- First, which behaviourally-informed communications are most effective in
encouraging enrollment into a smart thermostat demand response program?
- Second, does enrolling into a smart thermostat demand response program reduce
customers’ energy usage?
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To study the effects of behaviourally-informed communications on enrollment into a smart
thermostat demand response program, and the effects of participation in the program on
household energy consumption, we worked with Hydro One to recruit a total of 135,652
customers. 29,982 customers were recruited from non-priority areas and formed the control
group. 102,670 customers were recruited from priority areas and randomly allocated to one
of three experimental groups at the postcode level:'

Group 1 - Control (N = 29,982): This group did not receive any postcard or email.
Group 2 - Incentive (N = 34,837): This group received a postcard that highlights the
financial rewards that will be provided to those who enroll into the myEnergy
Rewards program. Customers who provided their email address also received a
matching email.

e Group 3 - Environmental benefits (N = 34,531): This group received a postcard
that highlights the environmental benefits of enrolling into the myEnergy Rewards
program. Customers who provided their email address also received a matching
email.

e Group 4 - Ease of use (N = 33,302): This group received a postcard that highlights
the ease of using a smart thermostat. Customers who provided their email address
also received a matching email.

Our primary analysis assesses (i) the effect of behaviourally-informed communication on
enrollment into the myEnergy Rewards program, and (ii) the effect of enrolling into the
myEnergy Rewards program on customers’ energy consumption.

We identify the type of communication that is most effective by investigating how myEnergy
Rewards enrollment rates differ by treatment group. We also assess how participating in a
smart thermostat demand response program influences customers’ energy consumption. We
use the difference in enrollment caused by our treatment allocation as an instrument to
understand the causal impact of myEnergy Rewards on energy consumption.

As part of our consumption analysis, we also examine whether enroliment affects electricity
use specifically during HVAC demand-response events, i.e., periods when Hydro One calls
events on unusually hot days and enrolled households’ smart thermostats are eligible for
demand-response control (non-enrolled households are not subject to these events). We
focus on regions (platoons) where we observe at least 10 enrolled households with usable
consumption data, these are Armitage, Stouffville, Brant—Norfolk, Caledonia—Jarvis,
Otonabee—Peterborough—Hilliard, Muskoka, Tillsonburg, and Edgeware. The events we
investigate took place on 19-20 June, 30-31 July, 1-2 August, and 27 August 2024 (with
platoon-specific start and end times). In this setting, we test three hypotheses: (1) whether
enroliment is associated with changes in consumption around event hours, i.e., just before,

' The decision of creating a control group with customers from non-priority areas was made as Hydro
One wants all customers in the priority area to receive an email. To minimize costs, randomisation is
conducted at the postcode level rather than at the household level.
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during, and after the event window relative to comparable non-event periods?; (2) whether
enrollment is associated with differences in average daily consumption during the event
period, especially before any events vs. during the full period with events?; (3) whether any
differences persist after events conclude, i.e., before any events vs. one month after the final
event*

3.1 Enroliment into myEnergy Rewards

Our analysis suggests that the treatment has an overall positive effect on enrollment.
Compared to the control group who has an enrollment rate of 0.03%, customers who
received the communication (either receiving only the postcard or receiving both the
postcard and the email) have an enroliment rate of 0.05% (significantly different at the 10%
level). While marginally significant, this effect of receiving communications is small in
absolute terms. There are roughly 3 enroliments per 10,000 households in the control group
versus 5 per 10,000 in treatment.

Furthermore, when comparing each experimental group to the control group, we find that
only the ‘Incentive’ group has significantly higher enrollment rates than the control group (at
the 1% level). Customers who received the communication that highlights the financial
rewards that will be provided to those who enroll into the myEnergy Rewards program have
an enrollment rate that is 2.6 times higher than that of the control group. We also find that
the communication that highlights the environmental benefits of enrolling into the myEnergy
Rewards program performs significantly worse than the ‘Incentive’ communication. Together,
these findings indicate that only the communication that highlights the financial rewards is
effective.

Table 1: The effect of receiving any communications on enroliment
(1) (2) (3)

Enrolled Enrolled Enrolled
Treatment (Overall) 0.00019*
(0.00011)
Treatment (Incentive) 0.00043***
(0.00017)
Treatment (Environmental benefits) -0.00000 -0.00043***
(0.00013) (0.00016)

2 For hypothesis (1), we define “pre/during/post” relative to each event window using symmetric
buffers: our main specification uses 3 hours before and 3 hours after the event window, with
robustness checks using 1-hour, 5-hour, and 10-hour buffers.

3 For hypothesis (2), we compare average daily consumption in a pre-period (19 May 2024-18 June
2024, inclusive) to average daily consumption during the full event period (19 June 2024-27 August
2024, inclusive).

4 For hypothesis (3), we compare the same pre-period (19 May 2024—-18 June 2024, inclusive) to one
month after the final event (28 August 2024-27 September 2024, inclusive).
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Treatment (Ease of use) 0.00016 -0.00027
(0.00014) (0.00017)
Constant 0.00027*** 0.00027*** 0.00070***
(0.00009) (0.00009) (0.00014)
Observations 131175 131175 101404

Notes: Significance: *** p<0.01, ** p<0.05, * p<0.1.

As only a subset of customers were sent an email that matches the postcard they received,
we conduct the same regressions restricting the sample to only those who have received the
email in addition to the postcard. This analysis helps shed light on the effectiveness of the
communication when it is delivered through both channels (i.e., when both postcard and
email are delivered).

Table 2 shows that while the treatment has, as before, an overall positive effect on
enrollment, the magnitude of the effect is larger. Compared to the control group who has an
enroliment rate of 0.03%, customers who received both the postcard and the email have an
enrollment rate of 0.08% (significantly different at the 1% level). This suggests that receiving
the email in addition to the postcard is more effective than receiving the postcard alone. The
stronger effect for the postcard-plus-email group suggests that combining digital and print
channels improves reach or reinforcement relative to print alone, consistent with broader
evidence on multi-channel communication.

When comparing each experimental group to the control group, we again find that only the
‘Incentive’ group has significantly higher enrolliment rates than the control group (at the 1%
level). Customers who received the communication that highlights the financial rewards have
an enrollment rate that is 4.4 times higher than that of the control group. Importantly, we also
find that the other two communications (both ‘Environmental benefits’ and ‘Ease of use’)
perform significantly worse than the ‘Incentive’ communication. Together, these findings
indicate that only the communication that highlights the financial rewards is effective.
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Table 2: The effect of receiving email and postcard communications on
enroliment

(1) () ®)

Enrolled Enrolled Enrolled
Treatment (Overall) 0.00048***
(0.00015)
Treatment (Incentive) 0.00092***
(0.00026)
Treatment (Environmental benefits) 0.00019 -0.00072***
(0.00017) (0.00028)
Treatment (Ease of use) 0.00032 -0.00059**
(0.00020) (0.00029)
Constant 0.00027*** 0.00027*** 0.00118***
(0.00009) (0.00009) (0.00024)
Observations 87374 87374 57603

Notes: Significance: *** p<0.01, ** p<0.05, * p<0.1.

The low overall enroliment rates should be understood in the context of the programme and
the market in which it was operating. Most importantly, although the campaign targeted
customers in Hydro One’s priority areas, not all of those customers actually had the
technology required to join the programme, namely central air conditioning and a smart
thermostat. In addition, the programme faced direct competition in the market at the time.

Also noteworthy is that direct mail tactics may be less effective for recruitment of customers
with smart devices into a programme. This is because the customers who adopt smart home
technology to begin with tend to be more tech savvy and may prefer digital recruitment
tactics. It is also important to note that the myEnergy Rewards programme had already
launched in 2023, with this trial occurring in its second year. Participation in comparable
programmes typically peaks during initial rollout with high early-adopter uptake, and plateaus
or declines thereafter, making incremental recruitment more challenging unless the utility
refreshes incentives, expands eligibility, or changes marketing and enroliment mechanics.

3.2 Effect of myEnergy Rewards enroliment on energy consumption

To assess whether the enrollments translated into measurable changes in electricity use, we
attempted to merge the enrollment records to an hourly consumption panel and estimate an
instrumental-variables (IV) model that uses random assignment to the communications as
an instrument for enroliment into myEnergy Rewards. We expanded the consumption
window by incorporating additional 2023 pre-period data and also incorporated enroliments
observed prior to the 12 April 2024 rollout to better characterise baseline consumption and
increase the enrolled sample. Despite these efforts, enroliment remained too low and the
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resulting first stage of the IV too weak for credible inference, yielding unstable and imprecise
consumption-effect estimates (IV details in Appendix B).

We also explored quasi-experimental alternatives: a multi-period difference-in-differences
design comparing households that enrolled at different times to those that never enrolled
(and variants using matching, balancing weights, and not-yet-treated comparisons), but
pre-trend tests indicated systematic differences in consumption patterns prior to enroliment,
undermining the parallel-trends assumption (DiD details in Appendix C). Finally, we
estimated two-way fixed-effects panel regressions relating electricity use to an indicator for
post-enrollment periods, but these estimates are inherently correlational and may reflect
time-varying differences between enrolling and non-enrolling households rather than the
effect of enroliment itself (FE details in Appendix D). We summarise the full set of 1V, DiD,
and FE approaches and their limitations in Appendices B-D and, in the next section, shift
focus to a more targeted question: how electricity consumption among enrolled households
changes specifically during HVAC event periods.

3.3 Effects of HVAC event participation on energy consumption

Consumption on HVAC event days

Figure 1 plots the difference in hourly electricity use on HVAC event days between
households participating in the events (smart-thermostat households) and those not
participating (households not enrolled in the smart-thermostat programme). The graph
shows a pronounced shift in consumption around the HVAC event window. In the 10 hours
before the event, participating and non-participating households have broadly similar
consumption levels. In the final hour before the event, however, participating households
sharply increase their consumption. This is followed by a marked consumption reduction
among participants from the first event hour onwards, with consumption remaining below
that of non-participating households throughout the event window. After the event,
consumption among participating households rises above that of non-participating
households, indicating a rebound effect that is strongest in the first few post-event hours and
gradually fades later in the day.
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Figure 1: Average HVAC event-day profile: enrolled vs. non-enrolled
households

Event-time profile (hourly bins) with 95% Cls
Coefficients are enrolled x bin-share effects; Cls use clustered SEs.

urly HVAC consumption (kWh)

Estimated effecton hol

Notes: The figure plots estimated differences in hourly electricity consumption (kWh) between enrolled (smart-thermostat) and
non-enrolled households on HVAC event days. The x-axis indexes hours relative to the event window (=10 to —1 hours before;
event hours 1-4; +1 to +10 hours after). Points show regression coefficients on enrolled x hour-bin terms from a model with
household fixed effects and platoonxcalendar-hour fixed effects. Shaded bands denote 95% confidence intervals based on
standard errors clustered at the household level. The shaded vertical region marks the event window.

Looking at the pre-event period in more detail, there is little evidence of meaningful
differences in consumption between participating and non-participating households 10 hours
before the event. From 9 to 2 hours before the HVAC event, participating households
consume modestly less electricity than non-participants, with the gap typically ranging from
about 6% to 11%. This pattern then reverses sharply in the final pre-event hour, when
participating households consume 12.11% more electricity than non-participants (+0.2241
kWh, p < 0.01), consistent with anticipatory cooling or other last-minute preparation ahead of
the event®.

Then, the largest differences between participants and non-participants emerge during the
HVAC event itself. Consumption falls by 35.46% in event hour 1 (-0.6940 kWh, p < 0.01), by
29.56% in event hour 2 (-0.5977 kWh, p < 0.01), and by 19.86% in event hour 3 (-0.4003
kWh, p < 0.01). In the fourth event hour, which is observed only for the longer
non-pre-cooling events, consumption remains 19.3% lower than among non-participants
(-0.4243 kWh, p < 0.01), although this estimate is less precise because it is based on fewer
households.

After the event, coefficients turn positive, consistent with compensation or rebound. The
rebound is strongest in the first two hours after the event. Participating households consume
15.24% more electricity in the first post-event hour (+0.2983 kWh, p < 0.01) and 17.22%
more in the second (+0.3225 kWh, p < 0.01). Consumption remains higher among

5 Events with and without pre-cooling are pooled in this figure.
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participants also over the following hours, but the magnitude gradually goes down: for
example, the effect is 12.95% in the third post-event hour (+0.2267 kWh, p < 0.01), and
remains in the range of roughly 13% to 16% through about seven hours after the event. By
around eight to ten hours after the event, the estimates are no longer statistically
distinguishable from zero, suggesting that consumption gradually returns to normal later in
the day.

While Figure 1 captures within-event-day contrasts between participating and
non-participating households, it cannot by itself rule out baseline differences between these
types of households. We therefore estimate a pooled difference-in-differences model that
compares consumption patterns of participating and non-participating households on event
days, after accounting for their baseline differences on non-event days (the same day of the
week, 1-2 weeks before and after each event). In sum, we account for all time-invariant
household differences and common day-specific shocks via household and platoon-by-day
fixed effects.

Short-term difference-in-differences estimates (pooled)

The DiD estimates, in Appendix Table A9, show a directionally similar pattern as Figure 1.
Participation in HVAC is associated with 0.5272 kWh/hour lower usage, on average, in each
HVAC event hour (SE = 0.0552, p < 0.01); and these consumption reductions are statistically
significant in each event hour: 0.6940 kWh in event hour 1 (p < 0.01), 0.5978 kWh in event
hour 2 (p < 0.01), 0.4003 kWh in event hour 3 (p < 0.01), and 0.4243 kWh in event hour 4
among platoons with four-hour events (p < 0.01).

By contrast, there is little difference between participating and non-participating households
prior to the HVAC start, especially in a longer time horizon. The 10-hour pre-event average is
negative at 0.0821 kWh per hour and marginally significant (p < 0.10), the 5-hour and 3-hour
pre-event averages are small and not statistically distinguishable from zero. The final
pre-event hour is instead positive, at 0.2241 kWh per hour (p < 0.01), consistent with
households shifting load into the hour immediately before the event.

In the post-event period, coefficients turn positive and remain statistically significant,
indicating compensation of consumption after the event. Consumption rises by 0.2983 kWh
in the first post-event hour (p < 0.01), and the average post-event effect remains elevated
over the next 3, 5, and 10 hours, at 0.2825, 0.2616, and 0.2098 kWh per hour, respectively
(all p < 0.01). Taken together, these estimates indicate that HVAC event participation
generates sizable reductions during the event window, followed by a meaningful rebound
afterwards.

Together, these DiD results provide evidence that the event reductions, and post-event
compensation reflect an event-induced response rather than pre-existing differences
between participating and non-participating households.

Platoon-by-platoon heterogeneity

Estimating the DiD separately by platoon reveals substantial heterogeneity in the event
response. The strongest and most consistent reductions appear in Stouffville and Armitage.

10
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In Stouffville, average consumption during the event window falls by about 1 kWh/hour, with
large and statistically significant reductions in each event hour: -1.2555 in hour 1 (p < 0.01),
-1.1793 in hour 2 (p < 0.01), -0.9324 in hour 3 (p < 0.01), and -0.7620 in hour 4 (p < 0.01).
Armitage also shows a strong and sustained response, with an event-average effect of
-0.7233 kWh/hour (p < 0.01), and significant reductions in all event hours: -0.8865 in hour 1
(p <0.01), -0.8562 in hour 2 (p < 0.01), -0.6686 in hour 3 (p < 0.01), and -0.4818 in hour 4 (p
< 0.01). Significant event-average reductions are also observed in Tillsonburg (-0.6803
kWh/hour, p < 0.01), Brant and Norfolk (-0.5446 kWh/hour, SE = 0.1812, p < 0.01),
Caledonia/Jarvis (-0.4191 kWh/hour, p < 0.01), and Otonabee/Peterborough H (-0.3085
kWh/hour, p < 0.01). By contrast, Muskoka shows no clear event response: the
event-average estimate is small and not statistically significant at the 5 percent level, at
-0.1103 kWh/hour (p > 0.10), and the coefficients in event hours 2 and 3 are also close to
zero and imprecisely estimated.

A plausible, although speculative, interpretation is that this heterogeneity reflects differences
in habitation and cooling-use patterns across platoons. In more consistently occupied
residential areas, households are likely to have more regular daytime occupancy and more
predictable air-conditioning demand, which creates greater scope for smart-thermostat
events to reduce load during the event window. In contrast, Muskoka’s weaker and less
precisely estimated response may reflect seasonal or holiday occupancy, a different cooling
mix, or more irregular daytime use, all of which would reduce the scope for households to
respond to HVAC events.

All in all, the results suggest HVAC events may deliver more reliable consumption reductions
in consistently occupied residential areas with regular cooling demand.

Impact of HVAC participation on daily electricity use, including during the full HYAC-event
period

Although the event-hour results point to clear short-run load shifting around HVAC events,
Table A10 suggests that these effects generally did not translate into meaningful changes in
total daily electricity use on event days. The estimate pooled across platoons is small and
statistically insignificant, at +0.2293 kWh/day (p > 0.10), implying that, on average,
event-enrolled households used slightly more electricity on event days than non-enrolled
households, but that this difference is not statistically significant. Most platoon-level
coefficients are likewise imprecise and statistically insignificant. The clearest exception is
Armitage, where participating households used 1.8199 kWh less electricity on event days (p
< 0.10). By contrast, Muskoka shows a sizable positive estimate of +3.3480 kWh/day,
although imprecisely estimated (p < 0.10).

Other platoons, including Brant/Norfolk (+0.9477 kWh/day, p > 0.10), Caledonia/Jarvis
(+0.8892 kWh/day, p > 0.10), and Stouffville (+0.4665 kWh/day, p > 0.10), also point upward,
but none of these estimates is statistically significant. Overall, the event-day results still fit
the broader picture from Table A9: for most platoons, reductions during the event window
appear to have been offset elsewhere in the day rather than generating meaningful net daily
changes.

11
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The same conclusion broadly carries over when we widen the horizon to the full HVAC-event
season, defined here as 19 June to 27 August 2024 and compared with the pre-event period
from 19 May to 18 June 2024. In the pooled model, the event-season estimate is essentially
zero, at +0.0157 kWh/day (p > 0.10), with most platoon-specific estimates also statistically
insignificant. The main exception is Armitage, where participating households used 1.9770
kWh less electricity on an average day over the event season (p < 0.01), suggesting a more
persistent reduction than elsewhere. By contrast, Stouffville shows no comparable pattern,
with a small and statistically insignificant coefficient. In the remaining platoons, estimates
generally point upward but are also imprecise, including Muskoka at +2.9083 kWh/day (p >
0.10), Caledonia/Jarvis at +0.8651 kWh/day (p > 0.10), and Tillsonburg at +1.1223 kWh/day
(p > 0.10).

Taken together, across HVAC event platoons, the evidence is strongest for short-run load
shifting in hours around the events (Table A9), while total average daily consumption
remains broadly stable both on event days and across the entire HVAC-event period. That is
with the exception of unique regions and event timings like in Armitage, where design/timing
and local load patterns may translate into a detectable net daily reduction in energy
consumption both on HVAC event days and over the full first-to-last event interval.

Lasting effects of HYAC events on consumption

Finally, we investigate whether HVAC events had any lasting effect once the event season
was over. We do so in two ways. First, we test whether the intervention changed overall daily
electricity consumption after the season ended. Second, we test whether it changed
consumption specifically during the event-window hours, to assess whether participating
households continued to use less electricity during the hours when HVAC events would
normally have taken place. For both outcomes, we compare consumption before any event
began (in the month 19 May to 18 June 2024) with consumption in the month after the final
event (28 August to 27 September 2024), for participating versus non-participating
households.

Table A11 provides little evidence of lasting changes in average daily electricity use after the
event season ended. In the pooled model, the estimate is essentially zero, at -0.0011
kWh/day (p > 0.10). The platoon-specific daily estimates are likewise small and statistically
insignificant, despite some variation in sign and magnitude. These results do not suggest
any sustained increases or decreases in overall daily consumption once the HVAC event
period was over.

The same “no lasting shift” conclusion also mostly holds when focusing on average hourly
consumption during the event-window hours. Here, the outcome is constructed as average
electricity use per hour during the same hours in which HVAC events would normally have
taken place, allowing us to test whether participating households continued to consume less
electricity during those hours even after the programme ended. The pooled estimate is again
small and statistically insignificant, at -0.0163 kWh/hour (p > 0.10), suggesting little evidence
of persistent change in consumption during those hours on average. Looking across
platoons, most post-period coefficients are similarly close to zero and not statistically
significant. The one clear exception is Edgeware, which shows a statistically significant

12



Behavioural
: Insights
usestce | Platform Improving uptake of smart thermostats (CA) | Technical Appendix

reduction in electricity use during the event hours after the HVAC event season ended, with
an average effect of -0.2177 kWh/hour (p < 0.01). At a more granular level, we find
significant reductions in all observed event hours for Edgeware: -0.1893 in hour 1 of HVAC
events (p < 0.05), -0.2182 in hour 2 (p < 0.01), and -0.2456 in hour 3 (p < 0.01). Aside from
this, there is little evidence of systematic lasting effects. Overall, these results suggest that
most of the programme’s effects were tied to the actual HVAC event period, rather than
leading to a sustained change in either overall daily electricity use or consumption during the
event-window hours after the season ended.

13



Behavioural
* | Insights
usestce | Platform Improving uptake of smart thermostats (CA) | Technical Appendix

This trial tested whether behaviourally-informed postcard and email outreach could increase
enrollment into Hydro One’s smart-thermostat demand flexibility programme (myEnergy
Rewards), and whether participation measurably reduced electricity use. Across a large
sample of 135,652 customers, the communications increased enroliment only slightly in
absolute terms: enrollment rose from 0.03% in the control group to 0.05% among those
receiving any communication, with the best performance for the financial incentive message.
Highlighting financial rewards consistently outperformed environmental and ease-of-use
framing, with the strongest gains when customers received both postcard and email.
However, overall uptake in this trial remained low, limiting the scope for assessing
subsequent impacts on total consumption.

On energy use, the clearest evidence is that enrolled households respond during HVAC
demand-response events by shifting load around the event window. Event-day profiles and
pooled difference-in-difference estimates show an increase in consumption in the final
pre-event hour, followed by strong and sustained reductions across all three to four event
hours, and then a post-event rebound that gradually fades, with consumption returning to
baseline by 10 hours after the event. The size of the response also varies meaningfully
across platoons. Stouffville and Armitage, which are located in the suburbs of Toronto, show
especially strong and consistent consumption reductions during HVAC demand response
events, while Muskoka, which has a high proportion of seasonal residents and lower use of
central air conditioning, does not seem to be responsive to the HVAC events at all,
suggesting that local context matters a great deal. A plausible interpretation is that the
programme works better in more consistently occupied residential areas with regular cooling
demand than in areas with more seasonal occupancy or irregular patterns of use like
Muskoka. Armitage stands out as a particularly strong example, where event-hour
reductions also translate into lower daily consumption on event days and across the full
HVAC season. Edgeware is an exception, showing statistically significant reductions in
event-hour consumption in the period after the HVAC season ended. The reasons for this
are unclear from the available data, and it is premature to generalise from a single platoon
with only 10 enrolled households.

Overall, the programme appears effective at delivering targeted peak-time load shifting
around HVAC events, but the trial's low enrollment rate of smart thermostats prevents
credible inference on broader consumption impacts of enrollment.
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Appendix A. Descriptive analysis of HVAC events in EDT (Eastern
Daylight Time)
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Platoon Otonabee/Peterborough Hilliard

- We see consistent consumption effects across events in this platoon, with increased

consumption before and after the HVAC events.

- Also, signed up households tend to generally consume more than those not signed up.

- Largest group of signed up of any platoon.
- Total households mapped: 35,071, of which signed up: 160, signup rate: 0.46%.

OTONABEEPETERBOROUGHHILLIARD: Hourly average consumption by week {summer time / EDT; events shaded)
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A2. Platoon CaledonialJarvis

- No consistent effects of the HVAC events.

- The signed-up have very turbulent consumption patterns some days/weeks, other
days/weeks very smooth consumption.

- Total households mapped: 16,572, of which signed up: 72, signup rate: 0.43%.
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CALEDONIAJARVIS: Hourly average consumption by week (summer time / EDT; events shaded)

Week 1: 2024-06-19 + 2024-06-25
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A3. Platoon Brant/Norfolk

- Small, consistent dips in consumption during the HVAC events.
- Total households mapped: 16,473, of which signed up: 63, signup rate: 0.38%.
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BRANTNORFOLK: Hourly average consumption by week (summer time / EDT; events shaded)
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A4. Platoon Stouffville
- Clear, pronounced effects of the HVAC events.
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- Enrolled households generally have a shifted consumption into later hours relative to
non-enrolled.
- Total households mapped: 5,821, of which signed up: 60, signup rate: 1.03%.

STOUFFVILLE: Hourly average consumption by week (summer time / EDT; events shaded)
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A5 Platoon Armltage

- Clear, pronounced effects of the HVAC events on consumption.
- Enrolled households generally consume less, but after HVAC events, there is a spike
in consumption.
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- Total households mapped: 3,422, of which signed up: 40, signup rate: 1.17%.

ARMITAGE: Hourly average consumption by week (summer time / EDT; events shaded)
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Week 8 2024-08-14 — 2024-08-20

A6. Platoon Muskoka
- There were just 3 HVAC events with some evidence of consumption reduction.
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- But enrolled households consume much more than non-enrolled households on most
days.
- Total households mapped: 7,400, of which signed up: 35, signup rate: 0.47%.
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MUSKOKA: Hourly average consumption by week (summer time / EDT; events shaded)
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Week 10: 2024-08-21 — 20240827

A7. Platoon Tillsonburg

- The HVAC events didn’t seem to have affected consumption in a similar way each
time, sometimes the dip in consumption is larger than other times.
- Total households mapped: 10,374, of which signed up: 23, signup rate: 0.22%
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Lowest signup rate of any platoon.

TILLSONBURG: Hourly average consumption by week (summer time / EDT; events shaded)
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A8. Platoon Edgeware

No clear consumption effect of the HVAC events either.
Total households mapped: 2,251, of which signed up: 10, signup rate: 0.44%.
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EDGEWARE: Hourly average consumption by week (summer time / EDT; events shaded)
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A9. Difference-in-differences around HVAC events: short-term pre-event, event, and post-event hour effects on energy consumption

No pre
Pre cooling  cooling Brant Otonabee Caledonia
outcome Pooled (all) platoons  platoons Norfolk  Peterbo H Jarvis Stouffville Armitage  Muskoka Tillsonburg Edgeware
Event hours
Event average -0.5272** -0.3962*** -0.9045*** -0.5446*** -0.3085"** -0.4191** -1.0320** -0.7233*** -0.1103 -0.6803*** -0.3409

(0.0552)  (0.0598)  (0.1409) (0.1812) (0.0797)  (0.1464)  (0.2236)  (0.1160)  (0.1494)  (0.1593)  (0.2788)

Event hour 1 -0.6940*** -0.5731*** -1.1004*** -0.8028*** -0.4544*** -0.6907*** -1.2555"** -0.8865*** -0.2570** -0.8373*** -0.2708

(0.0541)  (0.0629)  (0.1404)  (0.2043) (0.0833)  (0.1454)  (0.2236) (0.1106)  (0.1232)  (0.1143)  (0.2706)

Event hour 2 -0.5978** -0.4779** -1.0453** -0.5087*** -0.4530*** -0.5902*** -1.1793** -0.8562"* -0.0658 -0.5921***  -0.3412
(0.0541)  (0.0596) (0.1406) (0.1669)  (0.0871)  (0.1340)  (0.2226)  (0.1172)  (0.186)  (0.2165)  (0.3279)

Event hour 3 -0.4003*** -0.2626*** -0.8254*** -0.4893*** -0.1568 -0.1547 -0.9324*** -0.6686*** -0.0823 -0.6811*** -0.4430*

(0.0603)  (0.0671) (0.1473) (0.1849) (0.0965)  (0.1678)  (0.2324)  (0.1308)  (0.1811)  (0.1693)  (0.2429)

Event hour 4 -0.4243%* -0.6475%* -0.7620** -0.4818***
(0.0825) (0.1526) (0.2407)  (0.1357)

Pre-event hours
Pre 10h average -0.0821* -0.0503 -0.2768** 0.0079 -0.0243 -0.0921 -0.4408** -0.0523 0.1512 -0.2517**  -0.3927**

(0.0438)  (0.0469)  (0.1218)  (0.1668)  (0.0510)  (0.1145)  (0.1949)  (0.0816)  (0.0983)  (0.1174)  (0.1914)
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Pre 5h average

Pre 3h average

Pre-event 1h

Post-event hours

Post-event 1h

Post 3h average

Post 5h average

Post 10h average

-0.0776
(0.0514)

-0.0184
(0.0547)

0.2241***

(0.0659)

0.2983***
(0.0663)

0.2825***

(0.0620)

0.2616***

(0.0520)

0.2098***
(0.0429)

Improving uptake of smart thermostats (CA) | Technical Appendix

-0.0152
(0.0546)

0.0516
(0.0583)

0.2949***

(0.0718)

0.3583**
(0.0728)

0.3462***
(0.0693)

0.3153***

(0.0541)

0.2559**
(0.0408)

-0.3642**

(0.1421)

-0.3362**

(0.1491)

-0.1106
(0.1670)

-0.0124
(0.1620)

-0.0009
(0.1527)

0.0082
(0.1478)

-0.025
(0.1380)

0.0259
(0.1863)

0.0878
(0.1951)

0.2834

(0.2369)

0.4168*
(0.2273)

0.4319**
(0.2130)

0.3948**

(0.1643)

0.3259***
(0.1157)

0.0259
(0.0647)

0.1177
(0.0731)

0.4430%*
(0.1007)

0.3085***
(0.1088)

0.2553***
(0.0814)

0.2298***
(0.0674)

0.1703***
(0.0535)

-0.0523
(0.1307)

0.0323
(0.1401)

0.2809*
(0.1507)

0.4793***
(0.1755)

0.4841**

(0.2015)

0.4502***

(0.1568)

0.3699***
(0.1176)

-0.5722**

(0.2253)

-0.5132**
(0.2354)

-0.2027

(0.2647)

-0.0973
(0.2545)

-0.0606

(0.2409)

-0.0208

(0.2367)

-0.0724
(0.2239)

-0.0873
(0.1113)

-0.0962
(0.1273)

0.0287
(0.1525)

0.1183
(0.1516)

0.0999
(0.1381)

0.0725
(0.1229)

0.064
(0.1013)

0.2205*
(0.1191)

0.2180*
(0.1320)

0.3529*

(0.2099)

0.4958**
(0.2310)

0.4297***

(0.1629)

0.3368***

(0.1270)

0.3043***
(0.0967)

-0.2469
(0.1502)

-0.2237
(0.1462)

0.0523

(0.1847)

0.239
(0.2155)

0.3151
(0.2076)

0.2677*

(0.1425)

0.1932*
(0.0979)

-0.4741*

(0.2242)

-0.4757*
(0.2420)

-0.5460**
(0.2332)

0.1322

(0.2143)

0.1197
(0.1935)

0.1959
(0.1685)

0.1459
(0.1488)

Notes: Each cell reports a difference-in-differences (DiD) estimate from a regression of the relevant outcome on enrolled x is_event_day, comparing enrolled (smart-thermostat) households to
non-enrolled households on the event day (day offset 0) relative to placebo comparison days at offsets -14, -7, +7, +14 (constructed using the same platoon and the same scheduled event-time
window). Outcomes are hourly kWh averages over windows relative to the event (Pre 1h/3h/5h/10h before start; Event hour 1-4 and Event average; Post 1h/3h/5h/10h after end). Pooled and

27



Behavioural
Insights
usestce | Platform Improving uptake of smart thermostats (CA) | Technical Appendix

subgroup columns include household fixed effects and platoon-by-day fixed effects; platoon-specific columns include household fixed effects and day fixed effects (within platoon). Standard errors
(in parentheses) are clustered by household. ***, ** * denote p < 0.01, p < 0.05, and p < 0.10. Some events are shorter than four hours, so later event-hour outcomes are unavailable for those
events and corresponding cells are blank.

28



Behavioural
* | Insights
usestce | Platform Improving uptake of smart thermostats (CA) | Technical Appendix

A10. Difference-in-differences for HVAC events: full-day event impacts and event-season impacts on daily kWh

No pre
Pre cooling  cooling Brant Otonabee Caledonia
outcome Pooled (all) platoons platoons Norfolk Peterbo H Jarvis Stouffville  Armitage  Muskoka Tillsonburg Edgeware
Panel A
Event-day
effect 0.2293 0.5370 -0.6114 0.9477 -0.0945 0.8892 0.4665 -1.8199* 3.3480* -0.0558 -0.7292

(0.3854)  (0.4558)  (0.7108)  (1.0497)  (0.7081)  (0.9965)  (1.0084)  (0.9646)  (1.9531)  (1.4790)  (1.5082)

Panel B

Event-season
effect 0.0157 0.4026 -0.8583* -0.5455 -0.2553 0.8651 -0.1478 -1.9770*** 2.9083 1.1223 -0.9970

(0.3565)  (0.4691)  (0.4649)  (1.0114)  (0.5972)  (1.0441)  (0.6508)  (0.5754)  (1.9338)  (1.5564)  (1.0984)

Notes: This table reports difference-in-differences estimates of daily electricity consumption (kWh/day) for households in Hydro One HVAC event platoons. Event-day effect (Panel A) reports the
coefficient on enrolled x is_event_day, where is_event day = 1 for the HVAC event day and 0 for placebo comparison days at offsets —14, -7, +7, +14, all defined on EDT-local calendar days.
Event-season effect (Panel B) reports the coefficient on enrolled x in_event_season, where in_event_season = 1 for the HVAC event season (June 19-August 27, 2024) and O for the pre-season
window (May 19—June 18, 2024), again defined on EDT-local calendar days. “Pre-cooling” columns pool platoons where events featured pre-cooling; “No pre-cooling” includes Armitage and
Stouftville only. Pooled specifications include household fixed effects and platoonxday fixed effects; platoon-specific specifications include household fixed effects and day fixed effects estimated

within each platoon. Standard errors are clustered by household (hh_key). Significance: *** p<0.01, ** p<0.05, * p<0.1.
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No pre

Pre cooling  cooling Brant Otonabee Caledonia
outcome Pooled (all) platoons  platoons Norfolk  Peterbo H Jarvis Stouffville Armitage  Muskoka Tillsonburg Edgeware
Post-month -0.0011 0.0181 -0.0488 0.7238 -0.8365 1.3610 -0.4080 0.5110 -0.1082 0.8554  -1.6690
average daily kWh (0.3164)  (0.3994)  (0.4794) (0.9187) (0.6804) (0.9794) (0.6565) (0.6658) (0.8585)  (1.3263)  (1.3654)
Post-month average hourly -0.0163  -0.0130  -0.0245 0.0150 -0.0503 0.0955 -0.0359  -0.0068  -0.0304 0.0079  -0.2177***
consumption during eventwindow (9 0193)  (0.0239)  (0.0316)  (0.0521)  (0.0360)  (0.0699)  (0.0467)  (0.0350)  (0.0617)  (0.0891)  (0.0755)
Post-month average hourly -0.0236 -0.0236 -0.0163 -0.0349
events
(platoons without pre-cooling only)
Post-month average hourly -0.0220 -0.0220 -0.0408 0.0073
consumption during 15:00-19:00 (0.0335) (0.0335) (0.0483) (0.0405)
events (platoons without pre-cooling only)
Post-month average consumption ~ -0.0217  -0.0174  -0.0324 0.0191 -0.0507  0.1177*  -0.0355  -0.0275  -0.0645  -0.0546  -0.1893**
during hour 1 of event window (0.0202)  (0.0242)  (0.0364) (0.0634)  (0.0350) (0.0670)  (0.0545)  (0.0379)  (0.0569)  (0.0849)  (0.0738)
Post-month average consumption -0.0182 -0.0175 -0.0201 0.0139 -0.0580 0.0961 -0.0150 -0.0281 -0.0337 -0.0021  -0.2182***
during hour 2 of event window (0.0211)  (0.0257) (0.0364)  (0.0566)  (0.0393)  (0.0719)  (0.0548)  (0.0375)  (0.0656)  (0.0969)  (0.0844)
Post-month average consumption -0.0112  -0.0041 -0.0289 0.0120 -0.0422 0.0726 -0.0563 0.0139 0.0071 0.0803  -0.2456***
during hour 3 of event window (0.0214)  (0.0263)  (0.0359)  (0.0561)  (0.0385)  (0.0772)  (0.0519)  (0.0427)  (0.0721)  (0.0995)  (0.0921)
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Post-month average consumption -0.0165 -0.0165 -0.0366 0.0147
during hour 4 of event window (0.0346) (0.0346) (0.0498) (0.0421)

(platoons without pre-cooling only)

Notes: This table reports difference-in-differences estimates comparing enrolled (smart-thermostat) and non-enrolled households between the post period (August 28-September 27, 2024) and the
pre period (May 19-June 18, 2024), with the reported coefficient equal to participating in the HVAC event x consumption during the post period, defined on EDT-local calendar days. The first row
uses daily total electricity use (kWh/day); subsequent rows use average hourly electricity use during the HVAC event window (kWh/hour) and by event hour (1-4) constructed from each platoon’s
event schedule (hour 4 applies only to Armitage/Stouffville, which also have two windows: 12:00-16:00 and 15:00-19:00). “Pre-cooling” pools platoons where events feature pre-cooling. “No
pre-cooling” includes Armitage and Stouffville only. Pooled specifications include household and platoonxday fixed effects; platoon-specific specifications include household and day fixed effects.

Standard errors are clustered by household. Significance: *** p<0.01, ** p<0.05, * p<0.1.
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Appendix B. IV estimation details

B1. Overview

We applied multiple experimental and quasi-experimental methods to estimate the effect of
enroliment of a smart thermostat into myEnergy Rewards on energy consumption. Our
preferred approach was an instrumental variable (V) regression, using random assignment
to postcard or email communications as an instrument for smart thermostat uptake. We
attempted to merge the enrollment records to an hourly consumption panel and estimate an
IV model that uses random assignment to the communications as an instrument for
enroliment into myEnergy Rewards. We expanded the consumption window by incorporating
additional 2023 pre-period data to better characterise baseline consumption and increase
the enrolled sample. Despite these efforts, enroliment remained too low and the resulting
first stage of the IV too weak for credible inference, yielding unstable consumption-effect
estimates. For completeness, Appendices C and D document the difference-in-differences
and fixed-effects analyses we also explored.

B2. Data completeness

Energy readings were incomplete for a vast majority of households. Only 4 households in
the treatment group had some readings available for all 305 observation days (i.e., 1
January 2024 - 31 October 2024) and roughly 45 % of participants had no data at all
available for June 2024 - i.e., a key month for observing post-enrollment behaviour.
Figure B1 shows the daily share of households in the treatment group with available energy
readings; coverage remains low in the month of June and also falls sharply on the 9th of
September 2024.
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Figure B1: Evolution of consumption data availability in the treatment group

B3. Compliance and first-stage IV

However, the instrument proved too weak for credible inference: only 0.19% of treated
households enrolled a thermostat following the treatment message. Specifically, 187 out of
98,233 households in the treatment group enrolled a thermostat, compared to 15 out of
29,997 in the control group.

B4. Implications for IV estimation

Because of the low compliance with enrollment and the missing energy data, the IV results
would be unreliable.
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Appendix C. DiD estimation details

C1.Overview

Given the weakness of the instrument, we turned to a multi-period difference-in-differences
estimator as defined in Callaway & Sant‘/Anna (2021). This DiD approach relies on the
assumption of parallel trends. However, a formal Wald pre-trend test rejected the null
hypothesis that households who later enrolled a thermostat had equal peak, off-peak and
peak-share consumption patterns as those who never did (p < 0.01 in every case), signalling
that later-enrolling and never-enrolling households already had different consumption
patterns even before the smart thermostat was enrolled.

C2. Sample definition

We expanded the sample from treatment households that enrolled a smart thermostat after
12 April 2024 to all treatment and control households that enrolled one between 1 May 2023
and 1 June 2024. This included 500 enrolled households in the treatment group (out of
approx. 98k households), and 466 households in the control group (out of approx. 30k
households). Notably, the control group had a higher enrollment rate of smart thermostats,
when accounting for its size. To achieve at least 1 month of pre-enroliment data for all
households, we extended our analysis to also include consumption data starting at the
beginning of April 2023.

C3. Aggregation and rules for missing data

As for energy readings, we had data available for 19 months spanning April 1st, 2023 to
November 1st, 2024. However, missingness remained an issue in the dataset and so it was
addressed with a wide range of methods. Only weekday readings were considered in the
monthly aggregation, because Ontario’s peak times are only Monday-Friday. If more than
half of a day’s 24 hourly readings were exactly zero (i.e., 0.0 kWh), we discarded that day to
avoid the “90 % of day’s energy consumed during peak” artefacts. Additionally, we required
all 24 hourly readings to be not null; a single null cell excluded the given day out of the
analysis - as proportion of peak use could not be reliably estimated. After filtering, we
calculated, for every household-month, the average weekday off-peak kWh, peak-window
kWh, and the proportion of consumption that fell into the peak.

C4. Estimation method

We attempted to estimate the effects of smart thermostats on energy consumption with the
Callaway & Sant’Anna (2021) difference-in-differences framework, treating the never-treated
households as the comparison group. Each period was one calendar month between April
2023 and October 2024. We aggregated both the enrollments and the energy consumption
data by month, rather than week or day due to computational limitations (i.e., increase in
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time periods by 50% caused 3x runtime). We allowed for an unbalanced panel, since we
were still facing issues with missingness in the consumption dataset - i.e., limiting our
analysis to a balanced panel would not give us sufficient sample size.

C5. Results and diagnostics

The Wald test rejected the null of parallel pre-treatment trends for all three outcomes - peak,
off-peak and proportion of peak consumption, with p-values below 0.01 in all cases. This
indicates that, even before smart thermostat enrollment, treated and never-treated
households followed different consumption trends.

Figure C1 plots the dynamic average treatment effect on the treated for off-peak household
consumption in kWh. Estimates for all pre-treatment months (in red) are statistically
indistinguishable from 0 and their confidence intervals widen the further to pre-enroliment
periods we go. The event-time 12 periods before enrollment is particularly wide as very few
households contributed observations there. In contrast, the month of enroliment (first blue
Cl) and the following 2 months post-enroliment show a significant increase in off-peak
consumption: the month of treatment (i.e., event time 0) shows a 1.5 kWh estimated
increase in consumption (significant at the 5 % level, 95 % band 0.6 — 2.4kWh). This trend
peaks at 2.7 kWh increase in consumption 1 month, and then 2.4 kWh increase in 2 months
post-enrollment and it then reverts back to statistically indistinguishable from 0 by third
month post-enrollment. A second, smaller but again significant increase in consumption
appears roughly 13-14 months post-enrollment (2.9 kWh increase in 13 months and 4.1 kWh
increase in 14 months post enroliment).

Figure C1: Dynamic ATT for off-peak household consumption in kWh.

Figure C2 plots the corresponding dynamic average treatment effect on peak-hour
consumption in kWh. As with off-peak consumption, all pre-treatment coefficients (event
times -12 to -1 in red) are statistically indistinguishable from zero; confidence intervals also
widen in earlier months because only a handful of households contribute data. In the
enrollment month (first blue bar) the point estimate jumps to 0.09 kWh with a 95 %
confidence interval between 0.04 kWh and 0.14 kWh. The effect grows further and remains
significant in the next two months before going back to zero by the third post-enrollment
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month. A smaller but again significant increase in consumption re-emerges around
months 13—14. The shape of the peak consumption plot is therefore almost identical to the
off-peak plot, just with smaller values. This finding goes in the opposite direction than what
we would expect. A smart thermostat was hypothesised, if anything, to lower or time-shift
peak demand, so the observed increase in consumption during peak hours is surprising.

The post-enrollment increases in energy consumption coincide with seasonal enroliment
timing—60 % of enroliments occur April-July, when cooling loads rise. Because the
event-study weights cohorts by size, early post-treatment bins over-represent summer
enrollees, inflating the apparent effect. Combined with the rejection of parallel trends, this
suggests the dynamic estimates are not causal.

0.28

0.25

12 <11 -0 -9 8 7 6 5 4 3 2 1 0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16

= Pre Post

Figure C2: Dynamic ATT for peak household consumption in kWh.

Figures C3 and C4 plot unweighted cohort-by-event-time effects. There is very evident
heterogeneity across cohorts.
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Group Peak consumption
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C6. Attempts to mitigate pre-trend violations

To mitigate the violation of parallel pre-trends, we explored three extensions of the
DiD approach. First, we subsampled the control group with nearest-neighbour
matching. We included only those never-enrolling households who had the most
similar baseline consumption levels and linear consumption trends as those who
later enrolled the thermostat, experimenting with 1:1, 2:1, 3:1, 5:1, and 10:1
control-to-treated ratios. Second, we applied balancing weights to align baseline
consumption and consumption linear and quadratic pre-trends of the never-enrolled
to the later-enrolled group. Third, we re-specified the comparison group in the
difference-in-differences specification as “not-yet-treated” rather than the previously
used “never-treated.” Despite these changes, the Wald test continued to reject
parallel pre-trends, indicating that the adjustments did not resolve the identification
problem. Because neither the IV nor the DiD design meets its identification
requirements, we cannot draw credible causal conclusions about the impact of smart
thermostats on household energy consumption

Appendix D. FE estimation details

D1. Overview

To complement the IV and DiD analyses, we estimated two-way fixed-effects (FE)
panel regressions with electricity use as the dependent variable. The model controls
for time-invariant differences across homes - such as their size, home insulation and
baseline electricity usage - through a household fixed effect, while a month-fixed
effect captures shocks that affect every household in a given month (e.g., weather or
tariff changes). A binary smart-thermostat indicator equals 1 in any month after a
thermostat is enrolled, and 0 otherwise. These results point to a seasonal pattern -
higher peak and off-peak summer consumption among households with a
thermostat, relative to those without - but the evidence is purely correlational and we
cannot make causal claims.

This appendix presents the results of three separate two-way fixed-effects
regressions estimated on the household-month panel introduced in Appendix B. The
data cover April 2023 through October 2024; June 2024 is excluded because more
than 40 percent of meter readings for that month are missing. The dependent
variables are:

1. average daily peak-hour consumption (kWh);

2. average daily off-peak consumption (kWh);

3. average proportion of daily consumption in the peak hour.
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Each regression is estimated with the feols function in the fixest package for R
(version 0.13.0; Berge 2025), and the specification is the same across the three
dependent variables. Household fixed effects remove time-invariant characteristics
of the given customer’s house - such as its floor area, insulation, or baseline
electricity usage - while month fixed effects control for shocks that affect all
customers at the same time, including tariff changes and seasonal variation in
consumption. Standard errors are clustered at the household level to account for
serial correlation in meter readings for a given household.

The results of these regressions should not be interpreted as causal effects of
smart-thermostat enrollment. As shown in Appendix B, Wald tests reject the
parallel-pre-trend assumption: households that eventually enroll a smart thermostat
already consume more electricity than non-enrolled households prior to enrollment.
In addition, the fixed-effects specification cannot remove time-varying,
household-specific confounders. For instance, enrollees may be concentrated in
micro-climates that experienced hotter-than-average summers in 2023-24, or the
thermostat enrollment may coincide with other energy-related decisions, such as
upgrading or adding central air-conditioning, installing swimming-pool pumps, or
purchasing heat-pump water heaters, that independently raise electricity demand.
Because these factors cannot be ruled out, the coefficients reported below should be
regarded solely as descriptive associations, not causal impacts.

Table D1. Average daily peak-hour consumption (kWh)

Month Estimate Std. Error t value p Sig.
May-23 0.049 0.0429 1.14 0.256

Jun-23 0.248 0.0391 6.34 <0.0001 e
Jul-23 0.280 0.0479 5.84 <0.0001 e
Aug-23 0.207 0.0391 5.30 <0.0001 e
Sep-23 0.143 0.0303 4.73 <0.0001 o
Oct-23 0.049 0.0251 1.97 0.049 *
Nov-23 0.020 0.0358 0.57 0.570

Dec-23 0.052 0.0423 1.23 0.218

Jan-24 0.006 0.0391 0.15 0.879

Feb-24 0.014 0.0349 0.39 0.697

Mar-24 —-0.043 0.0284 -1.53 0.126

Apr-24 0.001 0.0229 0.03 0.979

May-24 0.074 0.0192 3.86 0.0001 e
Jul-24 0.155 0.0266 5.82 <0.0001 e
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Aug-24 0.087 0.0243 3.58 0.0003 o

Sep-24 0.087 0.0238 3.67 0.0002 o

Oct-24 0.011 0.0209 0.54 0.588

RMSE = 0.534, Adj. R?=0.717, Within R? = 1.3e-4, Obs = 1,552,083
Significance codes: *** (0.001, ** 0.01, *0.05, . 0.1

Month Estimate Std. Error t value p Sig.
May-23 0.91 0.832 1.09 0.275

Jun-23 3.72 0.745 4.99 6e-7 e
Jul-23 3.79 0.727 5.22 2e-7 e
Aug-23 2.90 0.664 4.37 1e-5 e
Sep-23 2.95 0.533 5.54 3e-8 e
Oct-23 1.16 0.461 2.52 0.012 *
Nov-23 0.90 0.695 1.30 0.193

Dec-23 1.07 0.782 1.37 0.170

Jan-24 0.89 0.776 1.14 0.253

Feb-24 0.77 0.676 1.14 0.254

Mar-24 0.53 0.584 0.91 0.362

Apr-24 1.09 0.423 2.58 0.0098 >
May-24 1.68 0.356 4.71 2e-6 i
Jul-24 2.68 0.433 6.19 <0.0001 o
Aug-24 1.98 0.404 4.91 9e-7 o
Sep-24 1.84 0.395 4.66 3e-6 i
Oct-24 1.20 0.387 3.10 0.0019 **

RMSE = 9.85, Adj. R?= 0.732, Within R? = 7.5e-5, Obs = 1,552,083
Significance codes: ***0.001, **0.01, *0.05, . 0.1

Month Estimate Std. Error t value p Sig.
May-23 0.00018 0.00114 0.16 0.873
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Jun-23 0.00076 0.00085 0.90 0.369

Jul-23 0.00041 0.00095 0.43 0.665

Aug-23 0.00021 0.00085 0.25 0.804

Sep-23 —-0.00131 0.00066 -1.99 0.046 *
Oct-23 —-0.00007 0.00062 -0.12 0.908

Nov-23 —-0.00013 0.00064 -0.19 0.846

Dec-23 0.00041 0.00067 0.61 0.544

Jan-24 —0.00056 0.00063 -0.89 0.375

Feb-24 —0.00003 0.00063 -0.05 0.962

Mar-24 —0.00099 0.00053 -1.87 0.062

Apr-24 —-0.00092 0.00051 -1.79 0.073

May-24 —-0.00020 0.00047 -0.43 0.667

Jul-24 0.00064 0.00058 1.11 0.266

Aug-24 —-0.00028 0.00055 -0.50 0.616

Sep-24 0.00030 0.00058 0.51 0.607

Oct-24 —-0.00147 0.00049 -3.02 0.0026 *

RMSE = 0.0107, Adj. R? = 0.502, Within R? = 2.4e-5, Obs = 1,552,083
Significance codes: ***0.001, **0.01, *0.05, . 0.1
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