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1 Introduction

Climate scientists predict that the risk of extreme heat will increase, causing more frequent and
intense peak electricity demand across the United States (Auffhammer et al., 2017). When genera-
tion capacity cannot meet the extremely high demand, utilities could impose rolling blackouts on
their customers. Blackouts are costly and can even be deadly to individuals with certain health
conditions (Barreca et al., 2016). Recent work in economics has studied critical peak pricing and
other demand-side incentives to ensure conservation when electricity is scarce (Allcott and Rogers,
2014; Blonz, 2022; Blonz et al., 2025; Brandon et al., 2019; Ito et al., 2018; Prest, 2020; Burkhardt et
al., 2023), but during emergencies, grid operators still regularly resort to voluntary appeals for
conservation, with varied success (Brewer and Crozier, 2025; Holladay et al., 2015).

This paper analyzes how households respond to California’s Flex Alert, a voluntary pro-
gram asking customers to conserve electricity when the California Independent System Operator
(CAISO) predicts a critical grid condition. CAISO issues Flex Alerts to avoid rolling blackouts. The
Flex Alert encourages customers statewide to increase thermostat settings to above 78°F (25.5°C)
during the peak period, and precool to 70°F (21.1°C) before the peak period. CAISO sends out the
notification through their own social media and website, through the utility, and via email and
text for customers who signed up to receive notifications.

We study the natural experiment created by ten consecutive Flex Alerts occurring from Au-
gust 31st to September 9th, 2022 during a record-breaking heatwave in California. During the
peak period, the hottest period of the day, real-time wholesale electricity prices range from 500
$/MWh to almost 2000 $/MWh, indicating a supply shortage. CAISO issued the first Flex Alerts
on August 31st at 12:48 p.m. The California Governor at 3:15 p.m. relayed the requests when he
proclaimed a State of Emergency. CAISO then announced more Flex Alerts repeatedly each day.
On September 6th, 2022, as the extreme heat continued to put significant strain on the grid, the
governor made another conservation request via an Executive Order. Unlike previous requests,
this request was followed by a statewide alert that was sent by the California Office of Emergency
System (CalOES) reaching 27 million cell phones. During these ten days, CAISO also issued sev-
eral demand response events within the peak period to call for conservation from participating
demand response customers.

Flex Alerts are nudges that potentially affect households through several channels such as
warm glow (Andreoni, 1989), social pressure (DellaVigna et al., 2012), or moral tax or subsidy
(Levitt and List, 2007). However, there are notable shortcomings of voluntary requests docu-
mented in the context of electricity demand. First, in repeated voluntary requests, previous re-
search document that households habituate within weeks (Ito et al., 2018) and that households
dishabituate on a monthly (Ito et al., 2018) to yearly time frame (Allcott and Rogers, 2014). Sec-
ond, voluntary requests typically result in lower responses that habituate more quickly compared
to price mechanism (Burkhardt et al., 2023; Ito et al., 2018). Finally, voluntary requests rely on the
salience of the requests to induce significant effect during a grid emergency. Brewer and Crozier
(2025) show that households are insensitive to voluntary conservation requests made by the utility,
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but later, when a more salient phone alert was sent, household response increased significantly.
The effectiveness of voluntary conservation requests in managing consecutive grid emergencies is
less clear.

In this paper, we ask two main sets of questions. The first question is how household cool-
ing behavior responds to Flex Alerts. To measure household cooling behavior, we use the smart
thermostat data from Ecobee’s Donate-Your-Data program, which includes our two main out-
come variables: cooling setpoint and compressor run-time. The cooling setpoint represents the
household’s preferred indoor temperature. We use compressor run-time as a proxy for electric-
ity consumption for cooling following the literature (Blonz et al., 2025; Fu et al., 2024). The data
also contain thermostat event variables, allowing us to distinguish demand response participants,
whose thermostats can be adjusted directly by the demand response aggregator. To support our
research design, we use a sample of households from California, Arizona, Nevada, Oregon, and
Utah which gives us a total of 6.6 million household-hour observations.

To estimate the causal effect of Flex Alert on household cooling behavior and energy use, we
compare California households to non-demand response households in surrounding states us-
ing a difference-in-differences research design. During the Flex Alerts hours, non-demand re-
sponse households only received moral suasion, while demand response households received au-
tomated setpoint override and additional monetary incentives when the demand response event
was called. We estimate the average treatment effect for each period of the day, allowing for het-
erogeneity in the salience of the request, i.e., low salience (after the households received the first
Flex Alert) and high salience (after receiving the phone alert). Simultaneously, we identify the ef-
fect of being in a demand response event using within-household variation for demand response
participants between demand response events and non-demand response events during the Flex
Alerts.

We find that standard Flex Alerts are not salient nudges of household cooling behavior, but
Flex Alerts augmented with a phone alert are salient and cause statistically significant changes in
cooling behavior. In the first six days of the series, the effect on the cooling setpoint is very small,
while the effect on compressor run-time is insignificant during the peak period. We estimate
differential treatment effect for each hour of the day and find a statistically significant increase in
cooling setpoint of only 0.2 °F and a statistically significant reduction of up to 2 minutes per hour of
compressor run-time after 6 p.m. After the phone alert, the effect of Flex Alerts on cooling setpoint
increases up to 0.4 °F, while the effect on compressor run-time reduces even more up to 3 minutes
per hour and earlier at 5 p.m. Demand response participants increase their cooling setpoint by
0.3 °F when a demand response event is called in parallel with low salience Flex Alerts. Increased
salience also tripled their response to demand response events. These results demonstrate the
benefit of combining moral suasion with automation in grid emergencies.

We further explore how cooling behavior evolves during ten consecutive days of Flex Alerts.
Specifically, we analyze the dynamic treatment effect of Flex Alert for each day in an event study
design. In the first six days, we document habituation to repeated low salience Flex Alert: treat-
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ment effect diminishes after the third day consistent with Ito et al. (2018). Incorporating a phone
alert at the start of consecutive Flex Alerts triggers a higher and more persistent response, which
is important for multiple days of grid emergencies. After there is no longer a grid emergency,
the dynamic treatment effect estimates are still positive, which suggests that households do not
reverse their behavior after absent Flex Alerts. This is consistent with the hysteresis phenomenon
documented by Costa and Gerard (2021).

The second set of questions is related to the effectiveness and welfare consequences of Flex
Alerts. How big of an impact does the change in cooling behavior from Flex Alerts contribute to
the demand reduction, and what are the welfare effects? We address these questions by develop-
ing a theoretical model of household thermostat setting. We extend the model of Ito et al. (2018)
to model thermostat setpoint behavior as in Brewer (2022) and Brewer and Crozier (2025). In our
model, households derive consumption utility from the thermostat setpoint, which they typically
choose by equating the marginal benefits of an additional degree of cooling with the marginal
costs due to the retail price of electricity. If households respond by increasing their cooling set-
point during the peak period, this translates to a reduction in compressor run-time. Using the
reduction from compressor usage, we calculate the impact of the Flex Alerts on aggregate electric-
ity demand.

Based on our theoretical model, when the social marginal cost of electricity is high, as in the
peak period of the Flex Alerts, excessive electricity consumption for cooling can result in welfare
losses because the retail rate of electricity is relatively too low. More severely, it could generate
unwanted externality in the form of power outages. Moral suasion helps households internalize
this by imposing moral cost that causes them to increase their cooling setpoint. If moral suasion
helps correct the household’s total cost to approximate social marginal cost, it is welfare improv-
ing. Further, when households receive monetary incentives for energy conservation, they incur
changes in the marginal cost of cooling due to changes in their effective retail rate of electricity,
which causes them to reduce their cooling setpoint even more.

Our welfare analysis suggests the important role of voluntary conservation during a grid emer-
gency. Using our treatment effect estimates with a set of assumptions on household cooling tech-
nology and demand response enrollment, we estimate an aggregate demand reduction of up to
800 MW in a standard Flex Alert and up to 1,300 MW after the phone alert. Only less than 10%
of the total demand reduction is from demand response events due to low enrollment of demand
response participants. Considering the higher responsiveness from demand response events, our
results suggest the marginal value of increasing demand response enrollment is likely to be high.
Our welfare simulation reveals that the 2022 Flex Alerts resulted in a net welfare gain of $69.8
million, which accounts for the gain from the avoided power outage. The results of this study are
important for policymakers in designing future emergency conservation programs that combine
both voluntary efforts and demand response programs.

This paper contributes to three large strands of literature. First, our study contributes to the
literature on the dynamics of behavioral intervention, specifically intervention using smart tech-
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nology. We provide new evidence that a combination of moral suasion with automated demand
response results in higher household responses. Demand response participants’ responses to auto-
mated setpoint override increase with the salience of the moral suasion. This finding is consistent
with previous literature showing the important role of smart technology in improving households’
awareness of demand response program (Prest, 2020) or real-time pricing (Blonz et al., 2025; Fu
et al., 2024). Even though the adoption of smart thermostats has no direct effect on energy use
(Brandon et al., 2022), we show that smart thermostats enable quicker responses via a demand re-
sponse program. Related to the literature on dynamics of behavioral intervention, Ito et al. (2018)
documents that households habituate to repeated energy conservation requests within weeks, and
dis-habituate after a few months. Allcott and Rogers (2014) find that households habituate slowly
and continue to respond to treatment even after two years. In the context of ten consecutive
days of Flex Alerts, we provide new evidence on the household response to repeated voluntary
conservation requests, with variation in the level of salience. We find that households habituate
to standard Flex Alerts after the third day, but when the salience of the requests increases due to
phone alerts, households respond to repeated Flex Alerts by continuing to increase their responses
on a daily basis.

Second, this paper contributes to the literature on conservation requests in energy and environ-
mental economics. In the context of water conservation, Wichman et al. (2016) find that relative to
price mechanisms, voluntary conservation requests induce homogeneous responses from house-
holds across income classes. In the context of electricity conservation, Ito et al. (2018) find that
households who received incentives respond more to conservation requests than those who only
receive moral suasion. Reiss and White (2008) also find that public appeal successfully reduced
households’ electricity consumption when a price cap policy was implemented following the Cal-
ifornia energy crisis in the early 2000s. This paper is the first to estimate the causal effect of Flex
Alert on household cooling behavior in California. We complement previous research on the im-
pact of Flex Alert (Peplinski and Sanders, 2023) and document residential load responses from a
change in household cooling behavior during the September 2022 Flex Alert series. Two closely
related research find that the effectiveness of voluntary requests in an energy emergency varies
depending on the communication channels used. Holladay et al. (2015) find perverse effects from
voluntary conservation issued via utility press release in print media, while Brewer and Crozier
(2025) find that governor requests combined with phone alerts successfully induce massive con-
servation. We show that the governor’s request alone does not increase household response to
voluntary requests. Our event study estimates show that the phone alert plays a bigger role in
elevating the salience, causing households to respond more.

Finally, we contribute to the literature studying the welfare effect of energy conservation re-
quests. We build on Ito et al. (2018), Allcott and Kessler (2019), and Jacob et al. (2023) in evaluating
the welfare effect of Flex Alerts and demand response event during the September 2022 Flex Alert
series. We provide a new framework for evaluating the welfare effect of emergency conservation
requests with cooling behavior recommendations. Our welfare analysis reveals that there are in-

4



centives for increasing demand response enrollment considering its welfare benefit during grid
emergency. Unless there is a significant increase in enrollment or supply side improvement, we
expect voluntary conservation requests to play a huge role in demand side management during
future grid emergencies.

The rest of the paper is organized as follows. Section 2 provides concise background on grid
emergency in the United States and Flex Alert in California. Section 3 describes our theoretical
model, model prediction, and welfare implication. Section 4 details the data and the empirical
strategy for estimating the effect of Flex Alerts. Section 5 presents our results. Section 6 presents
our welfare analysis. Section 7 discusses policy implications. Section 8 concludes the paper.

2 Background

In this section, we provide a brief background on voluntary conservation requests during grid
emergencies and the Flex Alert program in California.

2.1 Voluntary Conservation Requests during Grid Emergencies in the United States

Most grid emergencies are caused by insufficient electricity to meet an extremely high demand.
During the summer, air conditioning drives the peak electricity demand, which is analogous to
heating during the winter.1 Supplying electricity during the peak is costly due to the merit order
effect and scarcity in the wholesale electricity market. The utility can not pass through these high
prices as residential customers are on a predetermined price schedule, which means the utility
is paid below their marginal cost. Further, the available generation capacity can be insufficient
requiring utilities to invest in additional generation capacity to avoid rolling outages.2 When
there is a risk of supply shortage, utilities or independent system operators often initiate demand
response programs to incentivize their customers to reduce their electricity consumption in high-
demand hours.3 When all efforts can not resolve the situation, they must rely on households to
voluntarily reduce their consumption by issuing voluntary conservation requests.

Voluntary conservation requests may affect household behavior through several mechanisms.
Households may get the warm glow for providing public good provision, in this case, the reliabil-
ity of the grid. Andreoni (1989) shows that individuals derive utility from giving to public goods.
Households may also respond to social pressure, where they adjust their behavior to conform to
the social norm (DellaVigna et al., 2012). Lastly, households may respond to moral tax or subsidy,

1 According to the 2020 Residential Energy Consumption Survey (EIA, 2020), US homes use 254 million megawatt-
hours (MWh) of electricity annually for air conditioning, about 19 percent of the total residential electricity demand.

2 In the long-run, regulators set a minimum reserve margin to reduce the risk of electricity shortage through a re-
source adequacy process (Joskow and Tirole, 2007). See Boomhower and Davis (2020) and Blonz (2022) for discussions
on resource adequacy processes and capacity markets and how they are used to measure the value of electricity demand
reduction.

3 For example, commercial and industrial customers in Pacific Gas and Electric (PG&E) utility territory are enrolled
in a peak pricing program (Blonz, 2022). Residential customers can register for a demand response program to receive
monetary payment or credit on their bill if they use electricity less during a demand response event.
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where they adjust their behavior to avoid the moral cost of not contributing to the public good
(Levitt and List, 2007; Ferraro and Price, 2013; Brewer and Crozier, 2025). In the context of vol-
untary conservation requests, the moral channel affects the households through the information
sent through television, text, calls, emails, other social media, in-house displays, or thermostat
applications.

Numerous utilities in the United States have used voluntary conservation requests.4 How-
ever, there are notable shortcomings of voluntary requests documented. First, there are several
dynamics in household response to voluntary requests. Ito et al. (2018) in a field experiment finds
that households habituate to repeated voluntary requests that occur within weeks. After several
months, they find that households dishabituate —their response to treatment recover to their re-
sponse when treated the first time—, while on a different experiment Allcott and Rogers (2014)
find that households dishabituate after more than a year. The literature also documents the hys-
teresis phenomenon where the treatment effect of the request became permanent even though the
emergency no longer exists (Costa and Gerard, 2021). Second, households respond more to mon-
etary incentives than to voluntary requests. Ito et al. (2018) show that households are responsive
to voluntary requests, but the effect is not as persistent compared to monetary incentives. On the
other hand, Burkhardt et al. (2023) finds a minimal response to information-based requests com-
pared to price-based requests. Finally, voluntary requests rely on the salience of the requests to
induce significant effect during a grid emergency. Reiss and White (2008) find that a well-designed
public appeal is effective in inducing voluntary conservation. Holladay et al. (2015) find perverse
responses to voluntary conservation requests in which the utility issued a press release via printed
media. More recent work by Brewer and Crozier (2025) shows that households are insensitive to
voluntary conservation requests via utility and social media, but later, when a more salient phone
alert was sent, household response increased significantly.

Even though the adoption of smart technology does not directly change household energy
use (Brandon et al., 2022), it enables households to respond faster by allowing them to adjust
their electricity consumption remotely. For example, smart thermostats with automated response
features to time-varying prices successfully change household electricity consumption (Blonz et
al., 2025). Some of demand response programs allow override of household thermostat settings
directly during an event.5 It also increases household awareness of demand response events.
For example, in-home electricity monitors increase household response to time-varying prices
(Prest, 2020). In our context, we do not expect smart thermostat owners to respond differently

4 For some recent example, in June 2021, New York City sent an emergency alert requesting customers to con-
serve energy to prevent outages during intense heat. See https://www.nytimes.com/2021/06/30/nyregion/nyc-
energy-alert-heatwave.html (last accessed June 15, 2024). Texas customers also received conservation re-
quests from the Electric Reliability Council of Texas (ERCOT) during the extreme heat waves that struck in
July 2022. See https://www.reuters.com/business/energy/texas-grid-operator-asks-users-conserve-energy-amid-
scorching-heat-2022-07-11/ (last accessed June 15, 2024). In a winter setting, Brewer and Crozier (2025) studied an
emergency request caused by a supply-side energy emergency caused by a fire incident at a natural gas plant in Michi-
gan, which coincides with extreme demand for heating.

5 See https://www.honeywellhome.com/us/en/demand-response/ and https://www.ecobee.com/en-
us/citizen/top-5-reasons-to-take-advantage-of-community-energy-savings/ (last accessed June 15th, 2024).

6

https://www.nytimes.com/2021/06/30/nyregion/nyc-energy-alert-heatwave.html
https://www.nytimes.com/2021/06/30/nyregion/nyc-energy-alert-heatwave.html
https://www.reuters.com/business/energy/texas-grid-operator-asks-users-conserve-energy-amid-scorching-heat-2022-07-11/
https://www.reuters.com/business/energy/texas-grid-operator-asks-users-conserve-energy-amid-scorching-heat-2022-07-11/
https://www.honeywellhome.com/us/en/demand-response/
https://www.ecobee.com/en-us/citizen/top-5-reasons-to-take-advantage-of-community-energy-savings/
https://www.ecobee.com/en-us/citizen/top-5-reasons-to-take-advantage-of-community-energy-savings/


to voluntary requests than general households.6 New technology also allows the utility to have
more options for demand management. For example, owners of rooftop solar, battery, and electric
vehicles can participate in a demand response event by exporting electricity back to the grid.7

2.2 CAISO’s Flex Alert

A Flex Alert is issued by CAISO, which manages the high voltage-electricity grids that serve more
than 80 percent of California. A Flex Alert calls for consumers to voluntarily conserve electricity
when there is a predicted energy supply shortage, especially if CAISO needs to use reserve to
maintain grid reliability. Flex Alerts are typically issued in the summer when extreme heat puts
upward pressure on electricity consumption. It is typically issued from 4 p.m. to 9 p.m. when
solar generation is declining and the electricity demand remains high.8

(a) Before Flex Alert Infographics (b) During Flex Alert Infographics

Figure 1. Routine Flex Alert recommendation infographics

During a Flex Alert, CAISO notifies the public of the Flex Alert via social media and the web-
sites of CAISO and the utility. Private emails and texts are only sent to households that subscribe
to receive Flex Alert notifications. However, CAISO may sometimes issue an alert with little or
no advance notice.9 CAISO also provides suggested behaviors for conserving electricity during
the Flex Alert hours. These include setting the thermostat to 78°F or higher, avoiding using major
appliances, and turning off unnecessary lights. CAISO also recommends that consumers pre-
cool their house to 70°F and use major appliances during the off-peak period before the Flex Alert
hours. Figure 1a shows the recommended action before a Flex Alert that is typically posted around
noon and Figure 1b shows the recommended action during a Flex Alert that is announced around
4 p.m. These two infographics are tweeted routinely by the Twitter account. Next, we specifically
discuss the ten consecutive days of Flex Alerts that happen in 2022.

6 Meier et al. (2019) find that the characteristics of households in the Ecobee sample are comparable to a sample of
households in EIA 2015 Residential Energy Consumption Survey.

7 See https://www.utilitydive.com/news/pge-tesla-launch-program-to-use-customers-powerwall-batteries-to-
tackle/ (last accessed June 15th, 2024).

8 See https://www.flexalert.org/ for more details (last accessed June 15th, 2024).
9 Most Flex Alerts are announced on the same day, as shown in Appendix Figure A6c.
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The September 2022 Flex Alerts During extreme heatwaves that happened from August 31st
to September 9th, 2022, CAISO issued Flex Alerts for ten consecutive days. There are intervals
within the peak period when CAISO also calls a demand response event for demand response
participants. On the seventh day, there is also a phone alert issued by the California Office of
Emergency Services (CalOES), which increases the salience of the Flex Alerts. Studying this Flex
Alert series allows us to measure how households respond to Flex Alerts and demand response
events with different levels of salience. It also allows us to study how households’ responses
evolved in repeated Flex Alerts.
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Figure 2. Timeline of 2022 Flex Alerts

Note. This figure shows the timeline of the 2022 Flex Alerts series. The blue line shows the maximum outdoor tempera-
ture across California which fluctuates from 90 to 110 degrees. The first Flex Alert is announced at noon on August 31st.
The red dashed vertical lines show when the Flex Alerts notifications were released to the public. The red highlighted
areas show when the Flex Alerts were in effect, which are typically from 4 to 9 pm, except for September 5th and 8th.
The green highlighter areas show when a demand response event is in called by CAISO, in parallel with Flex Alerts.
Table A3 and A4 summarize the timing of Flex Alerts and demand response event on each date. Table A5 summarizes
the information posted by the Flex Alert Twitter account and its timing during the September 2022 Flex Alert.

Figure 2 shows the detailed timeline of the 2022 Flex Alert series. The official Flex Alert Twit-
ter account announced the first statewide Flex Alert of the series on Wednesday, August 31st, at
12:48 p.m. Later at 3:15 PM, the Governor of California declared a state of emergency due to the
heatwave which is broadcasted statewide, and relayed the voluntary conservation request to the
public.10 The Flex Alerts were then extended based on CAISO’s forecast of the grid conditions on
a daily basis. The average day-ahead market prices during the peak period have been over 400
$/MWh, with higher price spikes to around 1500 $/MWh between September 5th and 9th. The
real-time market price also experienced an extremely high spike, nearly reaching 2000 $/MW on

10 See the Proclamation of a State of Emergency https://www.gov.ca.gov/wp-content/uploads/2022/08/8.31.22-
Heat-Proclamation.pdf (last accessed June 15th, 2024).
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September 5th and 6th, reflecting the opportunity cost to CAISO for procuring marginal electricity
generation. Figure A8 shows the trends of high electricity prices and high risk of outage during
these Flex Alerts.

The most critical grid condition occurred on Tuesday, September 6th, 2022. At 5:48 pm, CalOES
sent a phone alert to all mobile phone in California requesting for energy conservation. These
phone alert announcements reach almost all customers, unlike the standard announcements. The
text of the phone alert read “CalOES, Conserve energy now to protect public health and safety.
Extreme heat is straining the state energy grid. Power interruptions may occur unless you take
action. Turn off or reduce nonessential power if health allows, now until 9 p.m.” Media claimed
that the phone alert successfully reduced the total electricity demand by 2,000 MW.11

3 Conceptual Framework

In this section, we develop a theoretical model of household thermostat setting under moral sua-
sion and financial incentives. In our model, households derive consumption utility from ther-
mostat setpoint, which they typically choose by equating the marginal benefits of an additional
degree of cooling with the marginal costs due to the retail price of electricity. We then show how
conservation request and demand response incentives affect household cooling behavior.

3.1 Model of household thermostat setting

We extend the model of Ito et al. (2018) to model thermostat setpoint behavior as in Brewer (2022),
Brewer and Crozier (2025). We consider household i choosing cooling setpoint Tidh at hour h at
date d, we suppress the notation in this section for simplicity. We assume the utility function
for households is additively separable in three components: utility from cooling, utility from nu-
meraire consumption, and utility from following a conservation request. The utility function has
the following form:

U(T; s, R, θ) = u(T) + Y + µ(T; s, R, θ) (1)

where T is the choice of cooling setpoint, Y is the numeraire consumption, s is the salience of
requests, R is the recommended cooling setpoint, and θ is the frequency of the requests.

The first component, u(T), denotes utility from choosing a cooling setpoint. Since our empirical
settings are summer days, we assume locally that households weakly prefer lower temperatures
(∂u/∂T ≤ 0) and have a concave preference (∂2u/∂T2 <0). In the second component, we assume
household utility is quasilinear in numeraire consumption Y. We assume households have fixed
income I and pay retail electricity rate p for the amount of electricity consumed for cooling x(T).

11 See https://www.canarymedia.com/articles/grid-edge/californians-saved-the-grid-again-they-should-be-paid-
more-for-it (last accessed June 15th, 2024). It reports that 50,000 Ecobee thermostats voluntarily enrolled in several
utility programs that responded to 37 demand response events across California during the emergency. It also reports
smart thermostat programs/providers, other than Ecobee, that participate in demand reduction, such as Google Nest,
OhmConnect, and Leap.
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Thus, from the budget constraint, the numeraire consumption is given by Y = I − px(T). The last
component, µ(T; s, R, θ) is the utility from following the cooling setpoint recommendation. This
component could be translated as a warm glow from public good provision as in Andreoni (1989)
or moral payoff for following the request as in Levitt and List (2007) and Ferraro and Price (2013).
We follow Brewer and Crozier (2025) and assume that

∂µ

∂T


> 0 if T < R,

= 0 if T = R,

< 0 if T > R.

We assume the marginal utility or disutility from following the request is increasing in salience
(∂2µ/∂s∂T > 0 when T < R and ∂2µ/∂s∂T < 0 otherwise). We follow Ito et al. (2018) and as-
sume that the utility and the marginal utility of conservation are decreasing in the frequency of
interventions (∂µ/∂θ < 0 and ∂2µ/∂θ∂T < 0).

Since we do not observe the characteristics of each household’s cooling system, we follow
Blonz et al. (2025) with some engineering assumptions detailed in Appendix A and assume that
electricity consumed for cooling, x(T), is a linear function of compressor run-time, κ(T). One
minute per hour of compressor run-time in our data translates to an electricity consumption of
0.042 kW per household. For convenience, we also define the cooling price in dollars per one
additional °F of lower cooling setpoint as pT = p ∂x

∂T .12 we also use ∂x
∂T to convert the social marginal

cost of electricity to the social marginal cost of cooling.

Model prediction Next, we derive prediction from our model about cooling setpoint behavior
under moral suasion and monetary incentives. We focus on the context of the peak period, that is
when the household baseline setpoint, T0, is initially below the recommended setpoint. Without
treatment, non-demand response households solve the optimal thermostat setting and choose the
cooling setpoint T0 = arg max {u(T) + I − px(T)}, which is characterized by the following first-
order condition:

∂u(T0)
∂T

− p
∂x
∂T

= 0. (2)

When non-demand response households receive moral suasion, they solve the following utility
maximization problem:

max
T

u(T) + I − px(T) + µ(T; s, R, θ). (3)

12 Our linear assumption allows us to obtain ∂x
∂T which reflects the energy efficiency of the household from the data

by directly estimating the marginal effect of cooling setpoint, T, on compressor run-time, κ.
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The optimal cooling setpoint T′ for the maximization problem is characterized by the following
first-order condition:

∂u(T′)
∂T

− pT − ∂µ

∂T
(T′; s, R, θ) = 0 (4)

When households receive no treatment, each household sets their cooling setpoint at T0(p), which
uses electricity x(T0(p)), at a cooling price p. When they receive moral suasion, they voluntarily
increase their thermostat settings from T0(p) to T′(p).

Demand response households that get compensated for electricity consumption reduction sim-
ply have an effective price increase from p to pDR and respond by increasing their baseline cooling
setpoint from T0(p) to T0(pDR) = arg max

{
u(T) + I − pDRx(T)

}
. When demand response house-

holds receive both moral suasion and monetary incentives for conservations, their cooling setpoint
increases further to T′(pDR), which is characterized by the same first-order condition as in equa-
tion (4) but for price equal to pT,DR instead of pT. When demand response households receive
monetary incentives for conservation, they increase their baseline cooling setpoint from T0(p) to
T0(pDR). When they receive moral suasion, they increase their thermostat settings from T0(pDR)
to T′(pDR).

$/deg. F

T0(p) Toutdoor − T
pT

pT +
∂µ

∂T
(·, s, R, θ)

Social MC

T′(p)

(a) Non-Demand Response

$/deg. F

T0(p)
pT

pT,DR +
∂µ

∂T
(·, s, R, θ)

Social MC

T′(pDR)

pT,DR

T0(pDR) Toutdoor − T

(b) Demand Response

Figure 3. Household’s Cooling Setpoint

Note. The x-axis is normalized to intersect at the baseline cooling price. The x-axis shows outdoor temperature minus
cooling setpoint, such that moving to the left in the graphs indicating an increase in cooling setpoint.

In summary, our model predicts that voluntary conservation requests during the peak period
caused household to increase their cooling setpoint. Demand response household increase their
cooling setpoint even more when they receive a demand response event. It also predicts that the
increase in cooling setpoint is higher when the salience of the request is higher. Figure 3 illustrates
household cooling setpoint behavior with a semilog demand curve.

Welfare effect Based on our model prediction, there are welfare implications of voluntary re-
quests. When the social marginal cost of electricity is very high, electricity consumption for cool-
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ing can result in welfare losses because the retail rate is low. When households are treated via
moral suasion, they incur an additional opportunity cost of cooling that can be interpreted as a
moral cost, which causes the household to increase its cooling setting. If the moral suasion helps
to reduce the gap between the retail and wholesale price of electricity, it is welfare improving.
However, when the retail rate is already higher or close to the social marginal cost of electricity. In
that case, conservation is unnecessary, and moral suasion to conserve electricity could result in a
welfare loss.

$/deg. F

T0

pT

Social MCpeak

pT +
∂µ

∂T

T′ Toutdoor − T

(a) Welfare improving conservation

$/deg. F

T0

pT

Social MCpeak

pT +
∂µ

∂T

T′ Toutdoor − T

(b) Welfare reducing conservation

Figure 4. Welfare effect of voluntary conservation request

Note. The x-axis shows outdoor temperature minus cooling setpoint, such that moving to the left in the graphs indi-
cating an increase in cooling setpoint.

Figure 4 summarizes the two welfare effects of voluntary conservation. Formally, in all of these
cases, the change in producer surplus is ∆PS =

∫ T′

T0 cT − pT(T) dT and the change in consumer
surplus is ∆CS =

∫ T′

T0 pT(T) dT where cT is the social marginal cost and pT is the demand for
cooling. In panel (a), the green area shows the net welfare gain from conservation when the retail
rate is lower than the social marginal cost of electricity. This area represents the gain in utility
surplus from less production at high marginal cost (i.e., the area of the rectangle bounded by the
red lines at SocialMCpeak and pT and the dashed line at T0 and T′) less the household disutility
from higher cooling setpoint (i.e, the area of the triangle below the green area).

In panel (b), the purple area shows the welfare loss from conservation when the retail rate
is higher than the social marginal cost of electricity. This area represents the loss in utility sur-
plus from less production at modest social cost (i.e., the rectangle bounded by the red lines at
SocialMCpeak and pT and the dashed line at T0 and T′, in this case however) plus the household
disutility from higher cooling setpoint (i.e, the upper triangle of the purple area).

4 Data and Empirical Strategy

In this section, we start by describing the data used for the analysis. We then describe our empir-
ical strategy to estimate the effect of the Flex Alerts on the primary outcome variables. First, we
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estimate the treatment effect of the standard Flex Alerts and the Flex Alerts after the phone alert
for different periods of the day. Second, we decompose the treatment effect for each hour of the
day. We then estimate the dynamic treatment effect for each subsequent day of the Flex Alerts and
after the conclusion of the Flex Alerts.

4.1 Data and Descriptive Evidence

We use two primary data sources for this analysis. The first data source is information on the
timing of Flex Alerts and Demand Response events from CAISO which is available in the Grid
Emergencies History Report and CAISO Today’s Outlook.13 The Grid Emergencies History Report
contains information on when the Flex alert was announced and the starting and ending hours of
the Flex Alert. The CAISO Today’s Outlook contains information on the timing of the demand
response event. We use this information to identify the timing of the Flex Alerts and demand
response events in our data.

The second data source is the smart thermostat data from Ecobee’s Donate-Your-Data (DYD)
program. The data is available at five-minute intervals containing the household thermostat set-
tings (both heating and cooling), indoor temperature measurement from sensors, indoor humidity
levels, number of minutes that the fan was running, movement indicators from sensors, the mode
that the thermostat is on, thermostat event name information, and information about the house-
holds. The thermostat event name variable allows us to identify if households ever received any
demand response event in their thermostat. We describe the procedure in Appendix B. We call
these household demand response participants. The data also contains information on the house-
hold, which includes the number of occupants, size, age, and number of floors of the house, as well
as the location of the households at the self-reported city level. We aggregate the data to hourly
levels for the analysis in this paper mainly to reduce noise and increase computation speed. The
data is available from August 1, 2022, to September 25, 2022.

We complement the smart thermostat data with historical hourly weather data obtained from
Visual Crossing.14 The API processes multiple sources of weather data, including the National
Oceanic and Atmospheric Administration (NOAA) Integrated Surface Database (ISD) and Meteo-
rological Assimilation Data Ingest System (MADIS) database, which observed historical weather
at multiple weather stations and allows us to observed hourly weather data for a specific location
at a particular hour. The data contains hourly temperature, relative humidity, wind speed, precip-
itation, and cloud cover information. Since we rely on Ecobee’s household self-reported city data
to match observations with the hourly weather data, we exclude households with unidentified or
missing location data.

We limit our sample to households in California and four surrounding states, i.e., Arizona,
Nevada, Oregon, and Utah. We use non-demand response households from other states as con-

13 See https://www.caiso.com/Documents/Grid-Emergencies-History-Report-1998-Present.pdf (last accessed June
15th 2024).

14 See visualcrossing.com/resources/documentation/weather-data/weather-data-documentation for more informa-
tion (last accessed June 15th, 2024).
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Figure 5. Map of households in the final sample

trols. In our treatment group, we have non-demand response households and demand response
participant households from California. We exclude household extreme thermostat settings that
set their cooling setpoint below 50 °F and above 104 °F. Our final sample consists of 3,706 control
households, 5,180 California non-demand response households, and 3,274 California demand re-
sponse participant households. Figure 5 shows the spatial distribution of the households in the
final sample. For our main analysis, we use data from August 18th to September 9th, 2022, while
for the event study, we extend our sample to include all available data back from August 1st, 2022,
to September 23rd, 2022.

Outcome Variables To measure household responses to the Flex Alert, we look at two main out-
come variables. The first outcome variable is the thermostat cooling setpoint in degrees Fahren-
heit. This cooling setpoint can be programmable —which the household sets to follow a schedule
for each hour — or adjusted by the user in real time. The feature of the smart thermostat al-
lows households to override the setting remotely. CAISO suggests precooling houses before the
peak period and increasing their cooling setpoint during the peak period. Thus, the change in
the household’s cooling setpoint after receiving the Flex Alert is a measure of the household’s
response to the recommendation. The second outcome variable is the compressor run-time in
minutes per hour. We use the compressor run-time as a proxy of energy use as we do not di-
rectly observe the household electricity consumption. The compressor run-time is the duration
the HVAC system runs to cool the house within an hour. We present our analysis using alterna-
tives outcomes variable separately in Appendix C and D.
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Figure 6. Hourly mean of outcome variables before and after the Flex Alert

Note. This figure shows the hourly average of the main outcome variables before and after the first Flex Alert an-
nouncements on August 31st, 2022, at 12:48 p.m. using observation ranging from August 18th to September 9th, 2022.
The two vertical lines at 4 p.m. and 9 p.m. show the typical start and end of the peak period.

Descriptive Evidence Figure 6 shows the hourly mean of the four main outcome variables for
households in California and the controls before and after the treatment. Average households
in California set their cooling setpoint around 77 °F while control households, on average, set
their cooling setpoint around 75 °F. California households receive the Flex Alerts recommendation
while the control households do not. The data show a cooling setpoint response during the peak
period from California households after Flex Alerts. We also observe a change in compressor run-
time pattern in the peak period after the Flex Alerts. We also observe that the hourly trends in
outcomes variables between California and control households are similar before the Flex Alert
events, which motivates our difference-in-differences approach.

4.2 Estimating household responses to Flex Alerts

For our empirical analysis, we employ a generalized difference-in-differences design. The in-
tuition is to compare the outcome of California households to control households, allowing for
different responses for demand response participants when a demand response event is called.
In our specification, we estimate the effect for each period of the day. We allow for heterogene-
ity in the salience of the request: we simultaneously estimate the effect of standard Flex Alert
and the effect of Flex Alert after the phone alert is sent. In doing so, we estimate the following
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difference-in-differences specification.

yidh =
2

∑
k=0

βFA,k (Didh × 1[Perioddh = k]) + δFA (Didh × 1[Perioddh = 1] × 1[DReventidh])

+
2

∑
k=0

βPA,k (Pidh × 1[Perioddh = k]) + δPA (Pidh × 1[Perioddh = 1] × 1[DReventidh])

+ γXidh + αidh + ϵidh, (5)

where yidh is the outcome variable of household i at date d and hour of day h. Didh is a treatment
indicator that equals one for California households at day t and hour of day h after the initial Flex
Alert was issued and before receiving the phone alert. Similarly, Pidh is a treatment indicator that
equals one for California households at hour h of the day after receiving the phone alert. We inter-
act the treatment indicator with indicators for each of the three response periods, 1(Perioddh = k),
capturing separate treatment effects for the period k = {0, 1, 2} which consecutively represents
before-peak, peak, and after-peak period. We define the peak period following CAISO’s definition
of the Flex Alert hours for the day. Specifically for peak periods, we allow for different responses
for demand response participants when they are in a demand response event. To do so, we inter-
act the treatment indicator during the peak period with indicators for when a demand response
event is called, 1[DReventidh], which equals one for demand response participant when a demand
response event is called at date d and hour of day h. The control variables, Xidh, include daily max-
imum outdoor temperature, hourly outdoor temperature, relative humidity, precipitation, wind
speed, and cloud cover.

The combinations of fixed effects, αidh, include hour-of-sample indicators and hour-by-day-of-
week-by-household fixed effects. The hour-of-sample indicator picks up unobserved common
shocks across households. The hour-by-day-of-week-by-household fixed effects absorb unob-
served time-variant characteristics within the household, such as household commuting patterns,
programmable thermostat settings, and their electricity pricing regime.15 The treatment variation
is assigned at the state-hour level, which suggests that we should two-way cluster the standard
error, ϵidh, at the state and hour-of-sample level (Abadie et al., 2023). However, since we have only
five states, with a small number of clusters, the cluster-robust standard error estimates may be
biased (Cameron et al., 2008). To overcome this problem, we use Driscoll and Kraay (1998) stan-
dard error that is valid for small clusters and long panels. This inference procedure accounts for
unknown spatial and serial correlations in the treatment by relying on the length of the panel. We
use a bandwidth of 24, which includes 23 lags, allowing the residuals to be auto-correlated within
the past 24 hours.

The identifying assumption underlying the causal interpretation of the difference-in-differences

15 Considering significant households in California are solar rooftop owners, these fixed effects can also capture the
effects of having solar rooftop owners if we assume that the hourly solar production is relatively similar across weeks
in our samples
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approach is that the outcome variables for the treatment and control group will evolve similarly
conditional on the controls and the fixed effects absent of Flex Alerts. Figure 6 provide a graph-
ical evidence of parallel trend from the raw data. We also provide further statistical evidence of
conditional parallel trends in the pre-treatment period from our event study estimates in Section
5.3. Given the set of fixed effects, the average treatment effect on the treated estimates identifies
the difference in the change of the outcome variables using within-household variation before
and after Flex Alert events in a given hour of the day and day of the week relative to the house-
holds in the unaffected state. For example, this specification allows us to compare the difference
between changes in cooling setpoint for a household in California after receiving the Flex Alert
nudges on Monday at 4 p.m. (relative to the same time window the week before) and the change
in thermostat setting for a household in the control states, conditional on the controls.

In the specification, we estimate four sets of different coefficients, which allow us to distinguish
heterogeneous average treatment effects on the treated by salience level of Flex Alerts and by
whether or not households are treated with demand response events. Conditional on the controls
and the set of fixed effects, the coefficient βFA,k captures the average treatment effect on California
households of the standard Flex Alerts at period k of the day and the coefficient δFA captures the
difference in the average treatment effect of the standard Flex Alerts between California demand
response participants and California non-demand response households at the peak period of the
day. Likewise, the coefficient βPA,k captures the average treatment effect on California households
of the Flex Alerts after the phone alert at period k of the day, and the coefficient δPA captures
the difference in average treatment effect of the Flex Alerts after the phone alert between Califor-
nia demand response participants and California non-demand response households at the peak
period of the day.

We estimate equation (5) for cooling setpoint and compressor run-time. The specification al-
lows us to identify the treatment effect for each period of the day: during the before-peak period
when the recommendation is to precool, the peak period when the recommendation is to raise the
cooling setpoint, and after-peak period when the recommendation is lifted. If households precool
their house before the Flex Alert hours, we expect the treatment effect on the cooling setpoint to
be negative before the peak period. Meanwhile, if households follow the recommendation to in-
crease their cooling setpoint during the Flex Alert hours, we expect the treatment effect for this
period to be positive. To evaluate the impacts on electricity consumption, we look at the treatment
effects on compressor run-time. We expect the treatment effect to be positive before the peak pe-
riod as a consequence of households following precooling recommendations. In the peak period,
we expect the treatment effect on compressor run-time to be negative, reflecting energy savings.
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4.3 Estimating hourly responses to Flex Alerts

To decompose household hourly response in a Flex Alert day, we estimate the effect of the Flex
Alerts on our outcome variables for each hour of the day using the following specifications.

yidh =
24

∑
h=1

(
βFA,hDidh × 1[Hourh = k]

)
+

24

∑
h=1

δFA,h (Didh × 1[Hourh = k] × 1[DReventidh])

+
24

∑
h=1

(
βPA,hPidh × 1[Hourh = k]

)
+

24

∑
h=1

δPA,h (Pidh × 1[Hourh = k] × 1[DReventidh])

+ γXidh + αidh + ϵidh. (6)

The treatment indicator Didh and Pidh and demand response event indicators 1[DReventidh] are
defined similarly to those in equation (5). We interact the treatment indicator with indicators
for each hour of the day, 1[Hourh = k], capturing separate treatment effects for each hour. We
use a similar set of fixed effects and inference procedure as in equation (5). The coefficient βFA,h

measures the average hourly effect for California households at hour h in a standard Flex Alert
day relative to the control group. Similarly, the coefficient βPA,h measures the average hourly effect
for California households at hour h in Flex Alert days after the phone alert relative to the control
group. The coefficient δFA,h measures the difference in the average hourly effect at hour h between
California demand response participants and California non-demand response households in a
standard Flex Alert day, while δPA,h measures the same effect but for the Flex Alert days after the
phone alert. Note that δFA,h and δPA,h are identified using within household variation in demand
response event timing in the peak period for demand response household, thus, the coefficients
are only identified for the hours in the peak period.

The coefficient estimates of equation (6) characterize households’ hourly response to the Flex
Alert. We expect households to set their cooling setpoint lower before the peak period and increase
their cooling setpoint after 4 p.m. when the Flex Alert hours start. We expect that the salience of
Flex Alerts affects the magnitude of the responses and households’ responsiveness in following
the recommendation. After the largest treatment effect is reached, we expect the effects to diminish
towards the end of the Flex Alert hours.

4.4 Estimating dynamic treatment effect

We estimate the dynamic treatment effect on the main outcome variables for each day using the
following generalized event study specification:

yidh = ∑
t∈[−23,23],t ̸=−1

2

∑
k=0

βtkDitk + ∑
t∈DRdays

δtkDit1 + γXidh + αidh + ϵidh. (7)
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where t is the lead or lag day relative to the first day of the Flex Alerts series (i.e. August 31st,
2022), indicator Ditk equals one for the period k of day t relative to the first day of the Flex Alerts,
and DRdays is the set of days when there is a demand response event called during the peak pe-
riod (i.e. DRdays = {−15, 0, 1, 5, 6, 7, 8}). To validate our parallel trend assumption, we extend
the event study sample from a month before to two weeks after the Flex Alert series. To identify
all the coefficients, we accumulate all periods in the first week of August to the 23rd lead period.
Even though there was a Flex Alert on August 17th, 2022, extending the start of the sample beyond
the start of our difference-in-differences sample allows us to look at longer periods of pretrends.16

The event study includes 22 days of lead coefficients and 24 days of lag coefficients. The lead coef-
ficients allow us to check for parallel trends in the outcome variables by comparing the evolution
of the outcome variable separately for the before-peak, peak, and after-peak periods relative to the
day before the Flex Alert. On the other hand, the lag coefficient gives us the dynamic treatment
effects for each period of the day throughout and after the ten consecutive days of Flex Alerts. We
use a similar set of fixed effects as in equation (5). To reduce computational run-time, we estimate
equation (7) separately for each of the three periods of the day and use two-way cluster robust
inference at the state and hour-of-sample level.

The coefficient estimates of equation (7) characterize how households respond differently on
each day. Our causal interpretation relies on the conditional parallel trend assumption, thus we
expect the lead coefficient estimates for the period where there are no Flex Alerts to be statistically
zero. Looking at the dynamic treatment effect, in repeated treatment, the household may habituate
in their response to the Flex Alert requests.17 We hypothesize that household responses in the
first few days of the Flex Alert are small due to the low salience of standard Flex Alerts. We
expect a more prominent treatment effect after the customer receives the phone alert from the
CalOES. However, due to potential habituation, we expect the treatment effect to decline in the
days following the phone alert. We also expect that the treatment effect will be higher during the
peak period compared to the before-peak and after-peak periods. In the longer run, repeated Flex
Alerts could lead to households changing their cooling setpoint, which could be a sign of habit
formation. If that is the case, we expect the treatment effect to stay significant even after the Flex
Alerts series ends.

5 Results

5.1 Household responses to Flex Alerts

Table 1 shows the effect of Flex Alert on each outcome variable for the before-peak, peak, and
after-peak periods. The first four rows show the treatment effect of low salience Flex Alerts,

16 Using only difference-in-differences sample period limits our ability to only identify seven lead coefficient since we
have to accumulate the first week of data. For transparency, when we only difference-in-differences sample period we
get quantitatively similar results as shown in Figure A9.

17 We direct readers to Ito et al. (2018) for a brief review about habituation, dishabituation, and habit formation in
behavioral interventions.
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and the next four rows show the treatment effect of high salience Flex Alerts. The third row,
Peak×1 (DR Event), shows the treatment effect for demand response participants for being in a
demand response event during the peak period.

Table 1. Households Responses to Flex Alert

(1) (2)
Cooling Setpoint Compressor Run-Time

After First Tweet
Before-Peak -0.086∗∗∗ 0.210

(0.021) (0.224)

Peak 0.035 -0.266
(0.029) (0.641)

Peak×1 (DR Event) 0.358∗∗∗ -0.182
(0.120) (0.661)

After-Peak -0.085∗∗∗ 0.736
(0.024) (0.501)

After Phone Alert
Before-Peak 0.001 -0.808

(0.025) (0.627)

Peak 0.304∗∗∗ -0.780
(0.077) (0.658)

Peak×1 (DR Event) 1.069∗∗∗ -1.991∗∗

(0.128) (0.854)

After-Peak 0.043 2.238∗∗

(0.035) (0.993)

Pre-treatment Mean
Before-Peak 76.35 8.41
Peak 76.27 20.31
After-Peak 76.01 12.94

No. of Household 11,807 12,135
Observations 6,342,016 6,632,642

Note. This table reports regression coefficients from difference-in-
differences regression estimated using equation (5). The first panel
show the effect of low salience Flex Alerts, while the second panel
show the effect of high salience Flex Alerts. Each row shows the ef-
fect at different period of the day. The peak period is defined as fol-
lowing CAISO’s Flex Alert hours of the day. Column (1) shows the
effect on the household cooling setpoint in °F. Column (2) shows
the effects on the compressor in minutes per hour. The control vari-
ables include daily maximum temperature, hourly outdoor tem-
perature, outdoor relative humidity, precipitation, wind speed, and
cloud cover. The fixed effects include hour-of-sample indicators
and hour-by-day-of-week-by-household fixed effects. The sample
period is from August 18th to September 9th, 2022. Standard errors
reported follow the Driscoll and Kraay (1998) inference.
∗ p<0.10, ∗∗ p<0.05, ∗∗∗ p<0.01.

Column 1 shows the treatment effect for cooling setpoint. Standard Flex Alerts in the first
six days are not a salient nudge of cooling behavior. We find no economically meaningful effect
of Flex Alert on cooling setpoint in the first six days in all periods of the day. When a demand
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response event is called, the demand response participant increases their setpoint by 0.35 °F. After
the phone alert on the seventh day, we find that households increase their cooling setpoint by
0.3 °F. The effect of being in a demand response event is also tripled where households increase
cooling setpoint by 1.1 °F.

Columns 2 report the treatment effect estimates for compressor run-time. The treatment effect
estimates on compressor run-time during the peak period in both low and salience Flex Alerts
have the expected negative sign but statistically insignificant. The hourly average treatment ef-
fect estimates presented in the next section reveal that while the average treatment effect is not
statistically significant, this is due to the underlying heterogeneity resulting in high variance in
the treatment effect over time. This is also true for the effect of demand response event under
low salience. After the phone alert, demand response participant reduces their compressor run-
time by 2 minutes per hour more on average when a demand response event is called in the peak
period.

5.2 Hourly responses to Flex Alerts

Figure 7 shows the average treatment effects for each hour of the day. Figure 7a reports the hourly
treatment effects on the cooling setpoint. We find that in a standard Flex Alert, households re-
spond highest around 6 to 7 p.m., increasing their thermostat by 0.2 °F higher. Before and after
the peak period, the treatment effect is negative and statistically significant, but the effect size is
modest. After the phone alert, they respond much earlier, increasing their thermostat by 0.4 °F
higher. We find no significant treatment effect on the cooling setpoint before and after the peak
period.
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Figure 7. Hourly treatment effect estimates of the Flex Alerts

Note. This figure shows the estimates of the hourly responses to Flex Alert estimated using equation (6). The hour labels
for each coefficient refer to the ending time of each one-hour interval. The dots correspond to the hourly treatment effect
estimates for non-demand response households for the standard Flex Alerts (β̂FA,h) and the Flex Alerts after receiving
the phone alert (β̂PA,h). The highlighted area shows the 95% confidence interval, which follows the Driscoll and Kraay
(1998) inference. The two vertical lines at 4 p.m. and 9 p.m. show the typical start and end of the peak period.
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Figure 7b shows the hourly treatment effects on compressor run-time. In the standard Flex
Alerts, the treatment effect is zero after midnight and goes down to about -1 minutes per hour at 7
a.m. The treatment effect then ramps up to about 2 minutes per hour from 1 p.m. to 3 p.m. During
the peak period, the treatment effect dips to the lowest point of -2 minutes per hour between 6
p.m. to 7 p.m. Towards the end of the peak period, the treatment effect goes to zero at the end
of the peak period. After the phone alert, the treatment effect starts at zero after midnight and
then goes down to -3 minutes per hour at 7 a.m. It then ramps up to 2 minutes per hour from 1
p.m. to 3 p.m. but it is not statistically significant. The effect starts to decline in the peak period
to about -2 minutes per hour from 5 p.m. to 7 p.m. The decline in the peak period after the phone
alert is relatively faster and higher than in the standard Flex Alerts indicating a higher impact on
households electricity consumption. We also find a negative effect on the off-peak period, which
we suspect is due to energy efficiency, considering houses in California have a higher building
code relative to other states.

5.3 Event study estimates

Figure 8 reports the dynamic treatment effect estimates for each period of the day relative to the
day before the first Flex Alert announcement. The day before our difference-in-differences sample,
August 18th, there is a Flex Alert, as shown in Figure 8a. The lead coefficient estimate on the
cooling setpoint for that day is positive and significant.
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Figure 8. Dynamic treatment effect estimates of the Flex Alerts

Note. This figure shows the estimates of the event study regressions using equation (7). The dots correspond to the lead
and lag coefficient estimates for non-demand response households for each day. The highlighted area shows the 95%
confidence interval which is two-way clustered at state and hour-of-sample level. We extend the event study sample
from a month before to two weeks after the Flex Alert series. We present estimates from using only the difference-in-
differences sample period in Figure A9

In general, the lead coefficient estimates within the difference-in-differences sample period
exhibit conditional parallel trends prior to the treatment. The lead coefficient estimates for the
cooling setpoint in Figure 8a is statistically zero. The lead coefficient estimates for the compressor
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run-time in Figure 8b are also statistically zero, however, they are more noisy. Concisely, the event
study estimates suggest that the conditional parallel trend assumption holds for all periods of the
day, which supports our causal claim.

We find suggestive evidence that households habituate to the standard Flex Alerts. Focusing
on the peak period, we find the largest treatment effect on the cooling setpoint of 0.1 °F during
the peak period on the first and second day. This effect then goes to zero after the third day.
The no-effect results are not surprising, and there are several explanations. First, the salience of
Twitter posts can be considered weak in delivering the conservation request to households. The
second possible explanation is habituation which causes households to be less responsive when
Flex Alert is repeated, which is documented in other energy settings (Ito et al., 2018; Allcott and
Rogers, 2014). Lastly, September 3rd to 5th coincides with Labor Day weekend; households likely
spent more time at home and may have been less willing to adjust cooling setpoints. The dynamic
treatment effect estimates on compressor run-time are noisy and mostly insignificant, but they
move in the opposite direction to the cooling setpoint estimates, as we hypothesized. The highest
reduction of 5 minutes per hour of compressor run-time happens on the last day of the series.

The phone alert increases the salience of the Flex Alerts, making it more effective in getting
the household to act. The day the phone alert is sent, the dynamic treatment effect goes up to
around 0.4 °F during the peak period. The treatment effect declined slightly on the eighth day
and then continued to increase to around 0.5 °F on the last day of the Flex Alerts series. These
higher treatment effects in the peak period stay until the end of the Flex Alert series, indicating a
more persistent treatment effect from the phone alert. This is suggestive evidence that households
dishabituate when the phone alert is sent. In contrast to Ito et al. (2018), we find that households
do not habituate to the repeated Flex Alerts after the phone alert. We suspect that the phone alert
makes households internalize the value of following the Flex Alerts recommendation.

After the end of the Flex Alerts, we observe a lasting change in the household cooling set-
point, even though there is no longer a grid emergency. Costa and Gerard (2021) suggests that
households may have a hysteresis effect in their response to energy conservation programs. The
treatment effect on the cooling setpoint for California households stayed around 0.4 °F higher for
almost two weeks after the Flex Alerts series ended. This might be a sign of habit formation and
might result in unnecessary conservation behavior, which results in welfare loss in the long run.
The treatment effect on the compressor run-time evolved around zero after the Flex Alerts series
ended.

5.4 Extensive margin responses

We construct alternative outcome variables to measure the extensive margin responses of the
households, that is, how the households are changing the mode of cooling in response to the
Flex Alerts. The first outcome is whether or not the thermostat is on hold. The second outcome is
whether or not the cooling setpoint is below 70°F, which measures compliance with the precooling
recommendation. The third outcome is whether or not the cooling setpoint is above 78°F, which
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measures compliance with the peak period recommendation. The fourth outcome is whether or
not the household turns its cooling system off. The household can turn their cooling system off by
setting the HVAC mode to heat or off. This outcome measures how likely households are to turn
off their cooling system during the Flex Alerts. We present these results in Appendix D.

In standard Flex Alerts, we find no meaningful effect on the proportion of cooling systems put
on hold. We also find no significant effect on the proportion of people with a cooling setpoint
less than 70 °F throughout the day. During the peak hour, we find that 0.7 percent of households
change their cooling to above 78 °F. We find that households turn off their cooling system less on
Flex Alert days; however, during the peak period, more than one percent of households turn off
their cooling system. For demand response participant, we find that they are 1.5 percent less likely
who put their thermostat on hold in the peak hour.

After the phone alert, we find no economically meaningful effect on the proportion of cooling
systems put on hold and on the proportion of households with cooling setpoint less than 70 °F.
During the peak period, we find 3 percent of households changed their cooling setpoint above
78 °F. The effect on the proportion of households turning off the cooling system stays the same
as in standard Flex Alerts. After the phone alert, demand response participant, are 5 percent less
likely to put their thermostat on hold during the peak period and 10 percent more likely to change
their cooling setpoint to above 78 °F. Increase salience cause demand response participant to be
less likely to reverse the automated override in a demand response event. Enrolling in a demand
response program makes the override a default option when there is a demand response event.

5.5 Comparing the effect of Flex Alerts and demand response event

In this section, we present the effect of being a demand response event. Demand response partici-
pants in our setting receive both moral suasion via the Flex Alerts and monetary incentives when
a demand response event is called. In addition to that, the household also allows the demand re-
sponse provider to adjust their thermostat cooling setpoint directly, often known as Air Condition-
ing (AC) load control during a demand response event (The Brattle Group, 2024). These demand
response participants can override the determined cooling setpoint if households prefer comfort
over monetary incentives from a demand response event. The feature of smart thermostats allows
automated response to a demand response event, which lowers the effort that households use to
comply with a request.

We find that a demand response event is a more effective nudge compared to the Flex Alerts.
Our difference-in-differences estimates show that the treatment effect of being in a demand re-
sponse event within a Flex Alerts is ten times the effect of Flex Alerts. Increased salience of con-
servation requests through phone alerts also increases the effect of being in a demand response
event, which is three times the effect of Flex Alerts with the phone alert.

Figure 9 shows the effect of the demand response event for the demand response participant.
We find that typically in the first hour of an event, demand response participants exhibit a pre-
cooling behavior and start conserving after the first hour. The treatment effect on cooling setpoint
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Figure 9. Hourly treatment effect estimates of demand response event

Note. This figure shows the effect of the demand response event for demand response household estimated using
equation (6). These coefficients are only identified during demand response events. The hour labels for each coefficient
refer to the ending time of each one-hour interval. The dots correspond to the hourly effect of being in a demand
response event for demands response households during the standard Flex Alerts (δ̂FA,h) and the Flex Alerts after
receiving the phone alert (δ̂PA,h). The highlighted area shows the 95% confidence interval, which follows the Driscoll
and Kraay (1998) inference. The two vertical lines at 4 p.m. and 9 p.m. show the typical start and end of the peak
period.

is more persistent within these intervals. In the standard Flex Alerts, a demand response success-
fully increases the cooling setpoint by up to 0.5 °F that lasts for three hours. After the phone alert,
it increases the cooling setpoint by up to 1.3 °F, which declines slightly to 1 °F increase at the end
of the peak period. The reduction of compressor run-time from demand response event in the
standard Flex Alert is up to 3 minutes per hour during the peak period. After the phone alert, the
reduction is up to 7 minutes per hour during the peak period.

On a per-household basis, the Flex Alerts, even with an increased salience, yield lower re-
sponses compared to the demand response event. However, according to EIA From 861, in 2022,
the number of residential households enrolled in a demand response program in California was
505,116 households, which is about four percent of residential customers. These low enrollments
might limit the potential of utilizing only demand response households to save the grid during a
Flex Alert. Although the effectiveness of the Flex Alert for non-demand response households is
lower, the potential energy saving might be significant in aggregate.

6 Welfare Analysis

6.1 Reduction in electricity consumption

The main goal of the Flex Alert recommended cooling setpoint during the before-peak and peak
periods is to adjust household electricity consumption for cooling, shifting the electricity con-
sumption from the peak period to the before-peak period when scarcity of generation capacity is
not an issue. In this section, we estimate the total demand reductions achieved through the Flex
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Alerts and demand response event.
We follow Blonz et al. (2025) to convert the hourly average treatment effect on the compressor

run-time to an average reduction in electricity consumption for a household, which is detailed
in Appendix A. From our results in Section 5.2, the reduction of compressor run-time for non-
demand response household after the phone alert ranges from 2 to 4 minutes per hour, which
translates to 0.084 to 0.168 kW per household. For demand response household after the phone
alert with the additional effect of being in demand response event, the reduction ranges from 3
to 7 minutes per hour, which is equivalent 0.126 to 0.294 kW per household.18 To scale the per-
household estimates to aggregate impacts, we assume the total number of residential customers
to be 13,550,586 households according to the total number of households in California in the 2022
American Community Survey 1-year Estimates. We then assume that 72 percent of households in
California own an AC following 2022 Residential Energy Consumption Survey (EIA, 2020). This
leaves us with approximately 9.75 million households. We assume 505,116 households, or about
5% of AC owners, to be demand response participants, and the rest are non-demand response
households.
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Figure 10. Hourly aggregate demand reduction

Note. This figure shows the hourly aggregate demand reduction from cooling in the standard Flex Alerts and after
the phone alert which is computed following Blonz et al. (2025) using previous results from estimating equation (6) for
compressor run-time. Figure 10a shows the demand reduction from non-demand response households and demand
response participants, while figure 10b shows only the demand reduction from demand response participants. The
dots correspond to the estimated hourly average demand reduction. The highlighted area shows the 95% confidence
interval of the hourly average demand reduction. The hour labels for each estimate refer to the ending time of each
one-hour interval. The two vertical lines at 4 p.m. and 9 p.m. show the typical start and end of the peak period.

Figure 10 reports the aggregate demand reduction for cooling realized by non-demand re-
sponse households and demand response participants during the standard Flex Alert and phone
alert treatment. In the standard Flex Alert during the peak period, the estimated aggregate de-

18 This number is slightly lower but comparable to the estimates from the SDGE ACSDA Evaluation a pilot study on
SDGE customer who have smart thermostat, of which the average impact per household during September 7th, 8th,
and 9th are consecutively 0.43, 0.36, and 0.25 kW per household. See the Demand Side Analytics (2023) (last accessed
June 15th, 2024)
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mand reduction reached almost 800 MW of electricity between 6 p.m. and 7 p.m. The demand
response participant contributes up to 60 MW during these periods, a modest amount compared
to the non-demand response household. After the phone alert treatment, the estimated aggregate
demand reduction is significantly higher, reaching more than 1,300 MW, of which around 140 MW
is contributed by demand response participants. These estimates suggest that non-demand re-
sponse households contribute significantly to the aggregate demand reduction, even though their
response is much smaller individually than demand response participants. The highest demand
reduction happens between 5 and 6 p.m. in both treatments. Our aggregate impact estimates be-
tween 5 and 6 p.m. after the phone alert is more than half of the reported reduction of 2,000 MW
from CAISO on September 6th. This suggests that household cooling behavior response plays a
huge role in reducing the total electricity demand.

6.2 Welfare simulation method

We examine the welfare effects of the Flex Alerts and demand response events that are aimed at
reducing electricity consumption during grid emergencies in California. To estimate the welfare
impact, we return to our model of thermostat settings developed in Section 3. To operationalize
this model, we need empirical estimates of private and social costs per degree Fahrenheit and
assumptions on the shape of demand for cooling. We evaluate the welfare impact for each period
of the day during the ten days of Flex Alerts.

For the analysis, we assume the hourly marginal cost of electricity to be the hourly average
real-time wholesale price across the trading zone in CAISO. This gives a lower-bound estimate
of welfare.19 We take the average values of the real-time wholesale price for each period of the
day during the ten days of Flex Alerts as the social marginal cost of electricity in our welfare
simulation. We also assume the baseline price of electricity to be 26 cents/kWh, the average retail
electricity price in California in August and September 2022 (EIA, 2022). As an alternative upper
bound estimate, we follow Jacob et al. (2023) and incorporate the value of lost load into welfare
gain only during the peak period when demand reduction could avoid potential blackouts. To
compute welfare gain from avoided blackout, we multiply the demand reduction by the value of
lost load of $4,300/MWh for California following Brown and Muehlenbachs (2024).

First, we convert the price of electricity to the price of cooling following our assumption on
the linear relationship between electricity consumption and compressor run-time. We do this by
estimating the marginal effect of cooling setpoint on compressor run-time γ = ∂κ

∂T from our data
in the pre-treatment period. In estimating this, we use the same set of control variables and fixed
effects as in equation (5). Thus, the relationship between the social marginal cost of electricity c
and retail electricity price p, and the value of lost load (VoLL) in per kWh to their cooling price

19 Using wholesale electricity price could underestimate the value of demand reduction. Previous studies use capacity
payment price Boomhower and Davis (2020), avoided cost of future power plant investment Blonz (2022).
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equivalent in per one °F of lower cooling setpoint is given by

pT = −0.0417 p γ, (8)

cT
dk = −0.0417 cdk γ, (9)

VoLLT
dk =

−0.0417 VoLL γ if k = {Peak},

0 if k = {Before-Peak, After-Peak}.
(10)

Note that the baseline retail cooling price is fixed, while the social marginal cost of cooling and the
value of lost load vary by date and period of the day.

Next, we consider the quasi-linear utility function in equation (1). For household i at date d
and period k, we characterize a semilog demand for cooling setpoint by Tidk = αT

idk + βT
dkDidk +

εT
idk ln pT, where Didk = 1 if the household receives moral suasion, pT is the cooling price, and

εT
idk is the cooling price semi-elasticity. We estimate the parameters βT

dk which is the effect of Flex
Alert on the cooling setpoint from our event study in Section 5.3. We compute the cooling price
semi-elasticity εT

idk by assuming an electricity price elasticity ε of - 0.1 following Ito et al. (2018), Ito
(2014) and Wolak (2011) using the following equation

εT
idk =

κ0
idk
γ

ε, (11)

where the κ0
idk is the household baseline compressor run-time, i.e., the average compressor run-

time for the period of the day k of at the same day of the week from the pre-treatment period.20 We
assume the demand response event enters the household utility through a change in price from
pT to pT,DR and the effect of the demand response event on the cooling setpoint for the demand
response participant is δT

dk, which we get from our event study estimates.21

We derive the welfare effect of Flex Alerts and demand response events in detail in Appendix
E. Table 2 summarizes these welfare effects. As explained in Section 3, the welfare effect depends
on the relative gap between social marginal cost and retail price. Change in producer surplus
arises from the change in electricity consumption from getting the Flex Alerts and being in a
demand response event, which is going to cost the producer if the social marginal cost is higher

20 Following our linear assumption on the relationship between electricity consumption, x, and compressor run-time,
κ, we obtain

εT =
∂T

∂ ln pT =
∂T

∂ ln x
∂ ln x
∂ ln p

∂ ln p
∂ ln pT =

x
∂x
∂T

ε =
κ

γ
ε

We get our estimates of γ from estimating the marginal effect of cooling setpoint on compressor run-time from a linear
specification. An alternative way of computing the cooling price semi-elasticity depends on our assumption of the form
of relationship between compressor run time and cooling setpoint.

21 The marginal effect of being in a demand response event on the cooling setpoint is

δT
dk = εT

dk ln
pT,DR

dk
pT ⇔ pT,DR

dk = pT exp
Ä

δT
dk/εT

dk

ä
⇒ pT,DR

dk − pT = pT
Ä

exp
Ä

δT
dk/εT

dk

ä
− 1
ä

.
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than the retail price. Changes in consumer surplus arise from changes in cooling setpoint, which is
going to incur household disutility from experiencing a higher cooling setpoint. The total welfare
change is the sum of the change in producer surplus and the change in consumer surplus, which,
on the net, could be positive or negative.

Table 2. Welfare effects of Flex Alerts and Demand Response Event

Welfare Effects

Flex Alerts

Change in Producer Surplus ∆PSMoral,dk =


βT

dk(cT
dk − pT) if cT

dk ≥ pT ,

−βT
dk(pT − cT

dk) if cT
dk < pT .

Change in Consumer Surplus ∆CSMoral,dk =


− 1

2 (βT
dk)2 pT

εT
dk

if βT
dk ≥ 0,

1
2 (βT

dk)2 pT

εT
dk

if βT
dk < 0.

Total Welfare Change ∆WMoral,dk = ∆PSMoral,dk + ∆CSMoral,dk

Demand Response Event

Change in Producer Surplus ∆PSDR,dk =


δT

dk(pT,DR
dk − pT) if pT,DR

dk ≥ pT ,

−δT
dk(pT − pT,DR

dk ) if pT,DR
dk < pT .

Change in Consumer Surplus ∆CSDR,dk =


− 1

2 (δT
dk)2 pT

εT
dk

if δT
dk ≥ 0,

1
2 (δT

dk)2 pT

εT
dk

if δT
dk < 0.

Total Welfare Change ∆WDR,dk = ∆PSDR,dk + ∆CSDR,dk

Value of Lost Load

Gain from Avoided Outage in Peak Period ∆VoLLMoral,dk = βT
dkVoLLT

∆VoLLDR,dk = δT
dkVoLLT

To summarize, we perform the following procedure to simulate the welfare effect of the Flex
Alerts and demand response event:

1. We estimate ”βT
dk and”δT

dk from our empirical analysis in Section 5.3.

2. We resample i from California households and simulate the welfare effect 1,000 times. For
each iteration, we perform the following steps:

(a) We draw the βT
dk and δT

dk from the distribution of β̂T
dk and δ̂T

dk for each period of the
day in the series.

(b) We estimate the marginal effect of cooling setpoint on compressor run-time (∂κ/∂T)
using data from the pre-treatment period.
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(c) For each date d and period of the day k in the series, we compute

i. Cooling price pT and social marginal cost of cooling cT
dk using equation (8) and (9),

ii. Cooling price semi elasticity εT
dk using equation (11), and

iii. The welfare effect ∆WMoral,dk, ∆WDR,dk and its associated gain from avoided outage
∆VoLL using Table 2.

3. From the bootstrap, we collect our estimates of the welfare effect and its confidence interval
and compute the aggregate welfare effect.

6.3 Welfare impact of Flex Alerts

From our simulation, we find that households’ semi-elasticity for cooling setpoints ranges from
0.2 to 0.59. The interpretation of these estimates is that 100% of the price increase will increase
the household cooling setpoint by 0.2 to 0.59 °F. We find that households are more elastic during
the peak period as shown in Figure A10. Our estimates are comparable in magnitude to semi-
elasticity estimates for winter heating from stated preference, which is in the range of -0.31 to
-0.97 (Brewer, 2023).

Figure 11 presents our welfare effect estimates. Figure 11a to 11d shows consecutively the
change in producer surplus, consumer surplus, total welfare, and total welfare with benefit from
avoided outage. In the first six days, we find no significant change in producer surplus and con-
sumer surplus during the peak period as household cooling setpoint response is very small during
the peak period. From September 3rd to 5th, 2022, we find positive but modest producer surplus
gain in the before-peak period as households reduced cooling setpoint when it is profitable for
the utility to deliver more electricity. Consumers also gain utility from cooler setpoints during
this period without experiencing a change in total cost due to the moral subsidy from precooling
recommendation, resulting in a positive consumer surplus gain.

During the peak period on September 6th, 2022, when the social marginal cost of electricity is
very high, the salient phone alert successfully induces conservation from cooling. The producer
surplus increases significantly by about $4 million as massive conservation is realized. How-
ever, by responding to the conservation requests, households experienced disutility from having
a higher cooling setpoint, which resulted in about $1 million loss in consumer surplus. From
September 7th until the end of the series, this loss in consumer surplus grew to about $2 million
as households increase their cooling setpoint even higher during the peak period. As the social
marginal cost of electricity is relatively lower than on September 6th, the producer surplus gain in
this period is modest and not enough to compensate for the loss in consumer surplus.

Figure 11e provide a detailed breakdown of the welfare effect from low salience and high
salience Flex Alerts. Over the ten-day period, the Flex Alerts results in a total producer surplus
gain of $5.7 million and a total consumer surplus loss of $3.5 million. Taking into account the
additional benefit of $67.5 million from the avoided outage, the net welfare effect of Flex Alerts
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Figure 11. Simulated welfare effect of Flex Alerts

is $69.8 million. On a standard Flex Alert, the average welfare gain is $2.3 million per day, while
after the phone alert, this welfare gain increases to $14 million per day.

7 Policy Implications

To assess the effectiveness of Flex Alerts, we compare our findings with previous research. Ear-
lier studies show that governor’s requests during grid emergencies reduced heating setpoints by
1.1°F and fan run-time by 1.47 minutes per hour (Brewer and Crozier, 2025), while time-of-use
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pricing increased cooling setpoints by 1.04 °F and reduced compressor run-time by 3.2 minutes
per hour (Fu et al., 2024). Time-of-use pricing combined with automated cooling schedules in-
creased setpoints by 1.7°F and reduced compressor run-time by 7.3 minutes per hour (Blonz et al.,
2025).

Our results indicate that standard Flex Alerts have minimal impact on cooling behavior, with
no significant effect on setpoints or compressor run-time during peak periods. Only after a phone
alert did households increase cooling setpoints by an average of 0.3°F, reducing compressor run-
time by 1 minute per hour—significantly less effective than time-of-use pricing or automation.
Our analysis suggests that phone alert is the primary channel that increases the salience of Flex
Alert rather than the governor request.22 While phone alerts increased salience, we caution against
their frequent use due to potential habituation effects that could reduce responsiveness to future
emergency notifications.

We also observed household habituation to consecutive Flex Alerts, decreasing their effec-
tiveness after the third day. In consecutive grid emergencies, scheduling sufficient time between
requests to counter habituation as recommended by Ito et al. (2018) is not feasible. While in-
corporating phone alerts successfully increased the magnitude of the response, with households
showing increasing engagement over time, this approach is not sustainable for every Flex Alert.
Rather than the current approach where customers need to sign up to receive Flex Alert notifi-
cations, enrolling customers in utility-issued Flex Alert notifications by default could provide a
low-cost alternative to ensure conservation requests reach more households. As documented by
Fowlie et al. (2021) in other setting, the use of default provision to mitigate future grid emergencies
is justified by the positive welfare implication.

For demand response participants, we observe more substantial effects. With low salience,
demand response events increased cooling setpoints by 0.5°F and reduced compressor run-time
by up to 3 minutes per hour. After the phone alert, these effects more than doubled: setpoints
increased by up to 1.3F, and compressor run-time decreased by up to 7 minutes per hour. This
suggests that combining moral suasion with automation yields effectiveness comparable to time-
of-use pricing (Fu et al., 2024) and its combination with automation (Blonz et al., 2025; Prest,
2020). Our findings demonstrate the complementary between demand response programs and
moral suasion. Demand response participants responded more robustly when automation was
combined with moral appeals, providing new evidence for the effectiveness of this combined
approach. As energy systems increasingly incorporate smart technology, opportunities for auto-
mated demand-side management will expand.

Despite lower per-household responses to Flex Alerts compared to demand response events,
their aggregate impact remains significant. When both programs operated simultaneously, de-

22 On the first day of the series, the California governor issued a state of emergency, which includes a conservation
request. Our estimates suggest that the effect only lasts hours and does not last until the next day. On September
6th, the governor made another request via an executive order with a phone alert, similar to the request in Michigan
(Brewer and Crozier, 2025), which resulted in a higher and more persistent response. See the Executive Order N-15-
22 https://www.gov.ca.gov/wp-content/uploads/2022/09/9.6.22-Labor-Day-Heat-Event-EO.pdf (last accessed June
15th, 2024).
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mand response participants contributed only about 10% of total demand reduction. Our welfare
analysis shows that these combined efforts generated a net welfare gain of $69.8 million during
the ten-day period, with Flex Alerts increasing producer surplus during peak periods when social
marginal costs were high and generating benefits from avoided outage.

Although demand response events generate stronger per-household responses, their aggregate
impact remains modest due to low enrollment rates. Currently, demand response participation
among smart thermostat users in California is just above 25%. Based on our estimates, enrolling
all 1.9 million smart thermostat owners could provide a maximum demand reduction of 600 MW
from cooling behavior alone. Increasing participation through both higher enrollment of existing
smart thermostat users and automatic enrollment of new adopters could substantially improve
conservation efforts during grid emergencies.

8 Conclusion

In this paper, we evaluate household responses to California’s Flex Alert program, a voluntary
conservation request implemented during critical grid conditions, which recommends households
to adjust their thermostat cooling setpoint before and during peak periods. We leverage high-
frequency smart thermostat data from Ecobee’s Donate-Your-Data program with a total of 6.6
million household-hour observations across California and surrounding states. Utilizing a natural
experiment created by ten consecutive Flex Alert days during an extreme heat wave in September
2022, we employ a generalized difference-in-differences research design to estimate the causal
effect of Flex Alerts on household cooling behavior.

We find that Flex Alerts, even with phone alerts are not a salient nudge of household cool-
ing behavior compared to other voluntary requests using thermostat reference point (Brewer and
Crozier, 2025) and time-of-use pricing (Fu et al., 2024; Blonz et al., 2025). Non-demand response
households exhibit minimal changes in cooling behavior under standard Flex Alerts, with the
treatment effects becoming statistically significant only after the issuance of a widespread phone
alert on September 6th, 2022. Being in a demand response event is more effective in changing
household cooling behavior. Specifically, our findings highlight that demand response partici-
pants who receive automated thermostat override in a demand response event exhibit more sub-
stantial and timely changes in their cooling behavior. This finding underscores the effectiveness
of combining moral suasion with automated demand response in grid emergency management.

Moreover, this study documents the dynamic effects of repeated conservation requests. Our
estimates indicate a quick habituation to standard Flex Alerts, with treatment effects diminishing
after the third day. However, the phone alert on the seventh day of the series resulted in a signif-
icant increase in conservation efforts, with a continued increase in response through subsequent
days. In contrast to previous literature on habituation, we do not observe household habituation
to repeated Flex Alerts after the phone alert. Following the conclusion of the Flex Alert series,
we find a permanent effect on household cooling setpoint that lasted for two weeks, even though
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there is no longer a grid emergency.
Our welfare analysis highlights the substantial aggregate impact on demand reaching 1,300

MW in the peak period in these Flex Alert series. This series of Flex Alerts resulted in a welfare
gain of $69.8 million. Notably, the phone alert increases the maximum welfare gain by more than
six times. Despite the more pronounced individual responses from demand response events, our
analysis reveals that the majority of savings are attributable to non-demand response households
due to the low proportion of demand response enrollment.

By providing granular evidence on household-level responses to conservation requests and
documenting the cooling behavior mechanisms, the study offers valuable insights for policymak-
ers in dealing with grid emergencies. First, even though the phone alert successfully increases
the salience of voluntary requests, continuously using it is not sustainable for a number of rea-
sons. Instead, enrolling households in Flex Alert notification by default from utility could be a
way to increase salience. Second, there is an incentive for the utility to increase available demand
response resources by promoting the adoption of smart technology and enrollment in demand
response programs. With climate change driving more frequent and severe weather events and,
consequently, higher peak electricity demand, the insights provided by this research are important
for the development of more effective demand response strategies.
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Appendix

A Detail on energy conversion calculation

This section describes how we convert compressor run-time reduction to energy consumption re-
duction based on the calculation procedure done by Blonz et al. (2025). We assume a residential
central air conditioner in the southern region following Appendix A of EIA Updated Buildings
Sector Appliance and Equipment Costs and Efficiencies, with a Unit Capacity Ratio (UCR) of
36,000 BTU per hour per unit with a typical Seasonal Energy Efficiency Ratio (SEER) of 14.4 BTU
per W per hour. Equation (A1) shows the energy conversion calculations to convert compressor
run-time, κ, in minutes per hour per household, to electricity consumption for cooling per house-
hold, x in kWh per household per hour.

x(kWh/HH.hour) = κ(min/hr) × UCR (BTU/hr.HH)
SEER (BTU/W.hr)

× 1 hour
60 min

× 10−3 kW
W

= κ(min/hr) × 0.0417(kWh/HH.min). (A1)

We also need estimates of changes in demand for cooling in MW per HH. Thus, we convert
our treatment effect on compressor run-time, in minutes per hour per household, to electricity
consumption for cooling per household, in MW per household. The following equivalent version
of the equation (A1) shows the energy conversion calculations.

∆Demandith(MW/HH) = β̂κ
ith(min/hr) × UCR (BTU/hr.HH)

SEER (BTU/W.hr)

× 1 hour
60 min

× 10−6 MW
W

= β̂κ
ith(min/hr) × 0.0000417(MWh/HH.min). (A2)

B Identifying demand response event from Ecobee data

Using the thermostat event variable in the Ecobee data, we identified several demand response
event names. First, we identify a general demand response event name that contains Demand
Response (”DR”) and Precooling (”PC” or ”PRC”), which is a common term in AC load control.23

23 For example, in Minnesota, Xcel Energy enrolled more than 50% of their residential customer to volun-
tary AC load control. See Docket No. E002/RP-19-368 Appendix G1 of Minnesota Public Utility Commission
https://www.edockets.state.mn.us/edockets/searchDocuments.do?method=showPoup&documentId=10FBAE6B-
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The second one is the California Public Utility Commission pilot Power Saver Rewards Program
that started in May 2022.24 Participating customers receive a bill credit of $2 per kWh of elec-
tricity savings in a Flex Alert during our sample period. The program incurs no penalty for the
household when they are enrolled and decide not to respond to emergency requests. Third, we
identify program names from SDGE, they are AC Saver DA (”ACSDA”), Bring Your Own Ther-
mostat (”BYOT”), and Reduce Your Use (”RYU”).25 Lastly, we also identify a demand response
event name from Portland General Electric of which they collaborate with PGE.26

C Results for alternative outcome variables

We look at two alternative outcome variables: the indoor temperatures of the home in °F and the
fan run-time in minutes per hour. We use the indoor temperature as a measure of the comfort level
of the household. The change in indoor temperature is an estimate of the household’s opportunity
cost for following the Flex Alerts recommendation. The fan run-time is the duration that the fan
is running to circulate the air in the house within an hour.
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Figure A1. Hourly mean of indoor temperature and fan run-time before and after the Flex Alert

Note. This figure shows the hourly mean of the indoor temperature and fan run-time before and after the first Flex
Alert announcements on August 31st, 2022, at 12:48 p.m. using observation ranging from August 18th to September
9th, 2022. The two vertical lines at 4 p.m. and 9 p.m. show the typical start and end of the peak period.

Figure 6 shows the hourly mean of the two alternative outcome variables for households in

0000-C040-8C1D-CC55491FE76D&documentTitle=20197-154051-03 (last accessed June 15th, 2024).
24 See https://www.cpuc.ca.gov/ (last accessed June 15th, 2024). This program is managed by the three private

utilities: Southern California Edison (SCE), San Diego Gas & Electric (SDGE), and PG&E.
25 The SDGE ACSDA Evaluation reported around 17,000 SDGE customers participated in this program in

2022. See the https://www.cpuc.ca.gov/-/media/cpuc-website/divisions/energy-division/documents/demand-
response/demand-response-workshops/2023-load-impact-protocol-workshops/20230501-sdge-acsda–drmec.pdf (last
accessed June 15th, 2024). Meanwhile, the RYU programs named the demand response event a RYU day; this pro-
gram applies to residential customers enrolled in a time-of-use rate. See https://www.sdge.com/residential/pricing-
plans/about-our-pricing-plans/whenmatters(last accessed June 15th, 2024).

26 See https://portlandgeneral.com/smart-thermostat-enrollment for more information (last accessed June 15th,
2024). They call the demand response event a Peak Time Event when they will adjust the household cooling setpoint
by 1 to 3 degrees higher than the previous setpoint.
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California and the controls before and after the treatment. California households, on average,
experience higher indoor temperatures during Flex Alerts. We also observe a change in fan run-
time pattern in the peak period after the Flex Alerts, similar to those of compressor run-time.

We also estimate equation (5) for indoor temperature and fan run-time. Following the Flex
Alert recommendation, we expect that the treatment effect on realized indoor temperature to be
positive during the peak period. For the fan run-time, we expect the treatment effect to be the
same as the compressor run-time, considering how an HVAC system works.

Table 1 shows the effect of Flex Alert on indoor temperature and fan run-time for the before-
peak, peak, and after-peak periods. Column 1 shows the treatment effect estimates for the indoor
temperature. On Flex Alert days, California households experience higher indoor temperatures
than on normal days. In standard Flex Alerts, even though the treatment effect on the cooling
setpoint is small, households experience 0.33 to 0.42 °F higher indoor temperatures throughout
the day. Demand response participants experience 0.2 °F higher indoor temperatures during a
demand response event. After the phone alerts, households experience 0.67 to 0.98 °F higher
indoor temperatures throughout the day, while the demand response participant experiences 0.62
°F higher indoor temperatures in a demand response event. Higher indoor temperature is not
solely related to the cooling setpoint; rather, it is affected by the physics of the cooling system. As
the outdoor temperature for California households during a Flex Alert is extremely high, with a
relatively similar cooling setpoint, it is harder for the system to achieve the target temperature.
Some households might also turn off their systems rather than increase the cooling setpoint. As
shown in Table A2 relative to before the peak period, about two to four percent more households
are turning off their cooling system during the peak period. After the phone alert, the treatment
effect on indoor temperature is also positive throughout the day and higher compared to the
treatment effects in the standard Flex Alerts. Comparing the magnitude of response during the
peak period for both treatments, the estimates suggest that households experience an even higher
indoor temperature after the phone alert compared to when they receive standard Flex Alerts
announcements.

Columns 2 report the treatment effect estimates for fan run-time. The coefficient estimates for
the fan run time are relatively similar to the coefficient estimates for compressor run-time in Table
1 for the before-peak and peak periods but have a smaller effect size. We suspect this is due to
the recommendation to turn the cooling system off but keep the fan on during the peak period to
keep the air circulation.

Figure A2 shows the average treatment effects for each hour of the day on indoor temperature
and fan run-time. Figure A2a reports the hourly treatment effects on the indoor temperature.
After the initial Flex Alert announcement, the treatment effect is positive throughout the day with
the highest effect of about 0.5 °F between 8 a.m. to 12 p.m. After 12 pm, the effect goes down and
ramps up slowly and reaches its peak at the end of the peak period. The treatment effect after
the phone alert is higher throughout the day compared to the standard Flex Alert treatment. We
observe a similar treatment effect pattern after the phone alert, a higher treatment effect of about
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Table A1. Households Responses to Flex Alert
(1) (2)

Indoor Temperature Fan Run-Time

After First Tweet
Before-Peak 0.312∗∗∗ 0.565∗∗

(0.104) (0.239)

Peak 0.374∗∗∗ 0.232
(0.092) (0.608)

Peak×1 (DR Event) 0.143∗ 0.056
(0.082) (0.642)

After-Peak 0.239∗∗∗ 1.206∗∗

(0.077) (0.495)

After Phone Alert
Before-Peak 0.877∗∗∗ -0.366

(0.166) (0.625)

Peak 0.761∗∗∗ -0.317
(0.142) (0.653)

Peak×1 (DR Event) 0.565∗∗∗ -1.906∗∗

(0.131) (0.874)

After-Peak 0.565∗∗∗ 2.597∗∗

(0.106) (1.125)

Pre-treatment Mean
Before-Peak 74.87 12.64
Peak 76.47 23.34
After-Peak 75.44 16.74

No. of Household 11,821 12,135
Observations 6,377,563 6,632,642

Note. This table reports regression coefficients from
difference-in-differences regression estimated using equation
(5) on the alternative outcome variables. The first panel show
the effect of low salience Flex Alerts, while the second panel
show the effect of high salience Flex Alerts. Each row shows
the effect at different period of the day. The peak period is
defined as following CAISO’s Flex Alert hours of the day.
Column (1) shows the effect on indoor temperature in °F.
Column (3) shows the effect on fan run-time in minutes per
hour. The control variables include daily maximum temper-
ature, outdoor temperature, outdoor relative humidity, pre-
cipitation, wind speed, and cloud cover. The fixed effects
include hour-of-sample indicators and hour-by-day-of-week-
by-household fixed effects. The sample period is from August
18th to September 9th, 2022. Standard errors reported follow
the Driscoll and Kraay (1998) inference.
∗ p<0.10, ∗∗ p<0.05, ∗∗∗ p<0.01.

1.3 °F is observed between 8 a.m. and 9 a.m. The treatment effect ramps by a small amount at the
end of the peak period at about 0.8 °F higher.

The hourly treatment effects on the fan run-time shown in Figure A2b have a similar hourly
pattern as the compressor run-time in Figure 7b. However, the treatment effect on fan run-time
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Figure A2. Hourly treatment effect estimates of the Flex Alerts

Note. This figure shows the estimates of the hourly responses to Flex Alert estimated using equation (6). The hour labels
for each coefficient refer to the ending time of each one-hour interval. The dots correspond to the hourly treatment effect
estimates for non-demand response households for the standard Flex Alerts (β̂FA,h) and the Flex Alerts after receiving
the phone alert (β̂PA,h). The highlighted area shows the 95% confidence interval, which follows the Driscoll and Kraay
(1998) inference. The two vertical lines at 4 p.m. and 9 p.m. show the typical start and end of the peak period.

during the peak period is not significant. This indicates that households might turn off the cooling
system but keep their fan on during the peak period to keep the air circulation, which is shown
by the treatment effects on the indicator for turning off the cooling system shown in Table A2.

The lead coefficient estimates on indoor temperature shown in Figure A3a also evolve around
zero prior to treatment. The lead coefficient estimates for fan run-time in Figure A3b are also sta-
tistically zero, however, they are more noisy. The dynamic treatment effect for indoor temperature
steadily increased and peaked on the seventh day. Even though the cooling setpoint response is
minimal since the outdoor temperature is high during the peak period, households still experi-
ence 1 °F higher indoor temperature during the weekend as shown in Figure A3a. Looking at the
indoor temperature, the treatment effect is going down after two weeks. We suspect this is due to
the accumulation of cooler outdoor temperature exposure over time and the energy efficiency of
the home.

Figure A4 shows the effect of demand response on indoor temperature and fan run-time. In
a demand response event, demand response participants experience up to 0.4 °F higher indoor
temperature during the peak period. After the phone alert, the treatment effect is higher, up to 0.9
°F higher indoor temperature during the peak period. The fan run-time reduction from demand
response is of similar magnitude as the compressor run-time reduction.

D Results for extensive margin responses

Figure A1 shows the hourly mean of the binary alternative outcome variables for households in
California and the controls before and after the treatment within the sample periods. We clearly
see a different pattern during the peak period from California households after Flex Alerts for all
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Figure A3. Dynamic treatment effect estimates of the Flex Alerts

Note. This figure shows the estimates of the event study regressions using equation (7). The dots correspond to the lead
and lag coefficient estimates for non-demand response households for each day. The highlighted area shows the 95%
confidence interval which is two-way clustered at state and hour-of-sample level. We extend the event study sample
from a month before to two weeks after the Flex Alert series. We present estimates from using only the difference-in-
differences sample period in Figure A9.

alternative outcomes, except for the precooling indicator. The trends in the outcome variables for
control groups after Flex Alerts are similar to those before the Flex Alert events, which are ideal
characteristics for a control group in a difference-in-difference approach.

We also estimate equation (5) for the alternative outcome variables. An increase in the prob-
ability that the event variables are on hold means households override their scheduled settings
more. During Flex Alert days, there could be many reasons households are overriding their sched-
ule, one of which could be discomfort or setting their cooling setpoint to follow the Flex Alert
recommendation. An increase in the probability that households set their cooling setpoint below
70 °F means that households are following the recommendation to precool their house. So, we ex-
pect the sign of the second binary outcome variable to be positive before peak periods. Similarly,
an increase in the probability that households set their cooling setpoint above 78 °F means that
households are following the recommendation to increase their thermostat setting during peak
periods. Hence, we expect the sign of the coefficient for the third binary outcome variable to be
positive during the peak period. Suppose households think that turning off the cooling system
is a way to conserve more energy and thus help the grids. In that case, we expect an increase in
the probability that households turn their cooling system off during peak periods relative to the
non-peak period within Flex Alert days.

Table A2 shows the effect of Flex Alert on the alternative outcome variables for the before-peak,
peak, and after-peak periods. Column 1 shows the effect of the treatments on the percentage of
households overriding their scheduled thermostat settings. After the first announcement of the
Flex Alert, only less than one percent of the households override their schedule in the before-peak
and peak periods. After the phone alert treatment, there is a positive effect, but it is not significant.
In both of the treatments, the effect on the number of people who put their schedule on hold is
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Table A2. Extensive Margin of Households Response to Flex Alert

(1) (2) (3) (4)
1 (On Hold) 1

(
Cool. Setpoint ≤ 70°

)
1
(
Cool. Setpoint ≥ 78°

)
1
(
Cooling Off

)
After First Tweet

Before-Peak 0.008∗∗∗ 0.002∗∗∗ -0.009∗∗∗ -0.036∗∗∗

(0.003) (0.001) (0.002) (0.004)

Peak 0.005 0.001 0.007∗∗∗ -0.024∗∗∗

(0.004) (0.001) (0.003) (0.004)

Peak×1 (DR Event) -0.015 -0.006∗∗∗ 0.033∗∗∗ -0.020∗∗∗

(0.013) (0.002) (0.013) (0.007)

After-Peak 0.003 0.001 -0.011∗∗∗ -0.039∗∗∗

(0.002) (0.001) (0.003) (0.004)

After Phone Alert
Before-Peak 0.007∗ -0.002 -0.006∗∗ -0.045∗∗∗

(0.004) (0.001) (0.003) (0.004)

Peak -0.003 -0.003∗∗ 0.031∗∗∗ -0.022∗∗∗

(0.009) (0.002) (0.006) (0.004)

Peak×1 (DR Event) -0.051∗∗∗ -0.011∗∗∗ 0.107∗∗∗ -0.026∗∗∗

(0.017) (0.002) (0.012) (0.005)

After-Peak 0.000 -0.000 -0.003 -0.042∗∗∗

(0.005) (0.001) (0.004) (0.006)

Pre-treatment Mean
Before-Peak 0.21 0.08 0.41 0.23
Peak 0.25 0.07 0.39 0.20
After-Peak 0.24 0.10 0.38 0.22

No. of Household 12,135 12,135 12,135 12,135
Observations 6,632,642 6,632,642 6,632,642 6,632,642

Note. This table reports regression coefficients from difference-in-differences regression estimated using equa-
tion (5) on the four alternative binary outcome variables. The first panel show the effect of low salience Flex
Alerts, while the second panel show the effect of high salience Flex Alerts. Each row shows the effect at differ-
ent period of the day. The peak period is defined as following CAISO’s Flex Alert hours of the day. Column
(1) shows the change in the proportion of households who override their scheduled setting. Column (2) shows
the change in the proportion of households who comply with the precooling recommendation. Column (3)
shows the change in the proportion of households who comply with the peak period recommendation. Col-
umn (4) shows the change in the proportion of households who turn off their cooling system. The control
variables include daily maximum temperature, outdoor temperature, outdoor relative humidity, precipitation,
wind speed, and cloud cover. The fixed effects include hour-of-sample indicators and hour-by-day-of-week-
by-household fixed effects. The sample period is from August 18th to September 9th, 2022. Standard errors
reported follow the Driscoll and Kraay (1998) inference.
∗ p<0.10, ∗∗ p<0.05, ∗∗∗ p<0.01.

44



-.5

0

.5

1

1.5

In
do

or
 T

em
pe

ra
tu

re
 (d

eg
. F

)

7 16 21
Hour

After First Tweet
After Phone Alert

(a) Indoor temperature

-10

-5

0

5

Fa
n 

R
un

-T
im

e 
(m

in
/h

r)

7 16 21
Hour

After First Tweet
After Phone Alert

(b) Fan run-time

Figure A4. Hourly treatment effect estimates of demand response event

Note. This figure shows the effect of the demand response event for demand response household estimated using
equation (6). These coefficients are only identified during demand response events. The hour labels for each coefficient
refer to the ending time of each one-hour interval. The dots correspond to the hourly effect of being in a demand
response event for demands response households during the standard Flex Alerts (δ̂FA,h) and the Flex Alerts after
receiving the phone alert (δ̂PA,h). The highlighted area shows the 95% confidence interval, which follows the Driscoll
and Kraay (1998) inference. The two vertical lines at 4 p.m. and 9 p.m. show the typical start and end of the peak
period.

minimal. This rules out putting the schedule on hold as the mechanism through which household
change their cooling setpoint.

Columns 2 and 3 show the treatment effects on the compliance of the precooling setpoint for
the before-peak period and the Flex Alert setpoint for the peak period. After the first announce-
ment of the Flex Alert, the effect on compliance with precooling before the peak period is below
one percent, while there is no significant effect on compliance with the Flex Alert in the peak
period. After the phone alert, there is zero effect on compliance with the precooling before the
peak period. In the peak period, there are 2.6 percent more households who set their cooling
setpoint above 78 °F. These estimates reveal that there are no significant changes in the number
of household precooling before the Flex Alert hours. Contrasting the salient of the two different
treatments, the effect on compliance with the peak period target setpoint is higher after the phone
alert compared to the standard Flex Alert announcement.

Column 4 shows the treatment effect on whether or not households turn their cooling system
off. In both of the treatments, in all periods of the day, the sign is negative; this indicates that
during a Flex Alert, an additional two to four percent of the households turn on their cooling
system. After the initial Flex Alert announcement, there are 3.3 and 2.5 percent fewer people
turning off their cooling system before the peak period and during the peak period consecutively.
Similar behavior is observed after the phone alert, there are 4 and 2.3 percent fewer people turning
off their cooling system before the peak period and during the peak period consecutively. Within
a Flex Alert day, less than one percent of households turn the cooling off during the peak period
relative to the before-peak period.
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Figure A5. Hourly mean of binary outcomes variables before and after the Flex Alert
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E Detailed welfare effect derivation

In this section, we formalize the welfare effect that we show in Figure 4 in Section 3 in a similar
fashion to Ito et al. (2018) and Allcott and Kessler (2019). Consider households with baseline
cooling setpoint T0

idk = αT
idk + εT

idk ln pT. When households receive moral suasion, the cooling
setpoint becomes T′

idk = αT
idk + βT

dk + εT
idk ln pT. The average change in producer surplus (PS) for

period k in date d of the Flex Alert series depends on the gap between social cost and retail price,
which is given by

∆PSMoral,dk =
∫ T′

T0
cT

dk − pT(T) dT ≈


βT

dk(cT
dk − pT) if cT

dk ≥ pT,

−βT
dk(pT − cT) if cT

dk < pT.

The average change in consumer surplus (CS) for period k in date d of the Flex Alert series is given
by

∆CSMoral,dk =
∫ T′

T0
pT(T) dT ≈


− 1

2
(βT

dk)2

∂T/∂pT = − 1
2 (βT

dk)2 pT

εT
dk

if βT
dk ≥ 0,

1
2

(βT
dk)2

∂T/∂pT = 1
2 (βT

dk)2 pT

εT
dk

if βT
dk < 0.

The average total welfare effect of Flex Alerts is then given by the sum of the change in producer
surplus and consumer surplus for period k in date d of the series, i.e. ∆WMoral = ∆PSMoral +

∆CSMoral.
Now, consider demand response households who receive both moral suasion and monetary

incentives via demand response events. When households receive monetary incentives, they re-
ceive a price adjustment. We do not observe the price change. Instead, we observe the hour when
the demand response event is called by CAISO within the peak period. We use our estimates on
the effect of being in a demand response event on the cooling setpoint, δT

dk. We then infer the effec-
tive price for demand response households, pT,DR, from these estimates. When demand response
households receive moral suasion, the cooling setpoint becomes T′

idk = αT
idk + βT

dk + εT
idk ln pT.

When demand response households receive moral suasion and monetary incentives, the cool-
ing setpoint becomes TDR

idk = αT
idk + βT

dk + εT
idk ln pT,DR. The additional change in producer surplus

(PS) for period k in date d of the Flex Alert when a demand response event is called is given by

∆PSDR,dk =
∫ TDR

T′
cT

dk − pT(T) dT ≈


δT

dk(pT,DR − pT) if pT,DR ≥ pT,

−δT
dk(pT − pT,DR) if pT,DR < pT.
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The average change in consumer surplus (CS) for period k in date d of the series is given by

∆CSDR,dk =
∫ TDR

T′
pT(T) dT ≈


− 1

2
(δT

dk)2

∂T/∂pT = − 1
2 (δT

dk)2 pT

εT
dk

if δT
dk ≥ 0,

1
2

(δT
dk)2

∂T/∂pT = 1
2 (δT

dk)2 pT

εT
dk

if δT
dk < 0.

The total welfare effect of the demand response event is then given by the sum of the change in
producer surplus and consumer surplus for for period k in date d of the events, i.e. ∆WDR,dk =

∆PSDR,dk + ∆CSDR,dk.
The total welfare effect for period k in date d of the series is given by

∆WAggregate,dk =N × ∆WMoral,dk + NDR × 1(DRevent,dk) × ∆WDR,

where N is the total number of households in California, and NDR is the total number of demand
response participants.

48



F Additional tables

Table A3. Summary of the Flex Alerts timing

Date Start of peak End of peak

Wednesday, August 31, 2022 4 p.m. 9 p.m.
Thursday, September 1, 2022 4 p.m. 9 p.m.
Friday, September 2, 2022 4 p.m. 9 p.m.
Saturday, September 3, 2022 4 p.m. 9 p.m.
Sunday, September 4, 2022 4 p.m. 9 p.m.
Monday, September 5, 2022 4 p.m. 10 p.m.
Tuesday, September 6, 2022 4 p.m. 9 p.m.
Wednesday, September 7, 2022 4 p.m. 9 p.m.
Thursday, September 8, 2022 3 p.m. 10 p.m.
Friday, September 9, 2022 4 p.m. 9 p.m.

Source: CAISO’s Grid Emergencies History Report.

Table A4. Summary of the demand response event timing

Date Start of event End of event Demand response treatment

Wednesday, August 31, 2022 7:25 p.m. 7:40 p.m. 7-8 p.m.
Thursday, September 1, 2022 5:00 p.m. 8:25 p.m. 5-9 p.m.
Monday, September 5, 2022 6:40 p.m. 8:20 p.m. 6-9 p.m.
Tuesday, September 6, 2022 4:10 p.m. 9:05 p.m. 4-9 p.m.
Wednesday, September 7, 2022 4:10 p.m. 8:55 p.m. 4-9 p.m.
Thursday, September 8, 2022 5:05 p.m. 8:15 p.m. 5-9 p.m.

Note. We define an hour with at least 15 minutes of demand response event within the hour
as treated with demand response. Source: CAISO’s Today’s Outlook.

Table A5. Summary of the September 2022 Flex Alert events

Date Time posted Announcement

Wednesday, August 31, 2022 12:48 p.m. Flex Alert issued
Wednesday, August 31, 2022 5:40 p.m. Flex Alert extended
Thursday, September 1, 2022 4:23 p.m. Flex Alert extended
Saturday, September 3, 2022 8:21 a.m. Flex Alert issued
Saturday, September 3, 2022 4:03 p.m. Flex Alert extended
Sunday, September 4, 2022 5:05 p.m. Flex Alert extended
Monday, September 5, 2022 4:28 p.m. Flex Alert extended
Tuesday, September 6, 2022 9:10 p.m. Flex Alert extended
Wednesday, September 7, 2022 9:12 p.m. Flex Alert extended
Thursday, September 8, 2022 10:00 p.m. Flex Alert extended

Source: @flexalert Twitter account posts.
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G Additional figures

(a) Number of Events by Year (b) Number of Events by Month

(c) Number of Events by Timing of An-
nouncement

Figure A6. Trends in Flex Alert events from 2015 to 2022

(a) Flex Alert announcement (b) Mobile Phone Alert.
Source: https://laist.com

Figure A7. Example of Flex Alert Notification
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Figure A8. Electricity market condition in California during the September 2022 Flex Alert

Note. Panel A and B show the extremely high wholesale electricity prices during the peak period from August 31st
to September 9th both in the day-ahead and real-time market in CAISO NP15 Zone. On the customer side, Panel C
documents that households in California also experienced significantly more power outages during the peak period of
September 5th and September 6th, with more than 70,000 customers affected.
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Figure A9. Dynamic treatment effects of Flex Alert using difference-in-differences sample

Note. This figure shows the estimates of the event study regressions using equation (7) using only the difference-in-
differences sample period. The dots correspond to the lead and lag coefficient estimates for non-demand response
households for each day. The highlighted area shows the 95% confidence interval which is two-way clustered at state
and hour-of-sample level.
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Figure A10. Cooling price semi-elasticity during the Flex Alerts
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