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Abstract

Utilities increasingly sell electricity using complex menus of static and dynamic price
schedules. We study how to design such a menu to maximize social welfare in a second-
best environment where the marginal private and external costs of generating elec-
tricity vary over time, institutional constraints prevent mandating dynamic pricing,
and consumer behavior is distorted by frictions. We develop a model of plan choice,
consumption, and intertemporal substitution with time-varying marginal social costs,
and estimate it using administrative data from a large utility. We provide evidence of
substantial intertemporal substitution in response to dynamic price incentives, and se-
lection across plans based on multidimensional heterogeneity. While the current menu’s
dynamic plans substantially shift consumption from high-price to low-price hours, we
find that they reduce social welfare. This loss is mitigated by information frictions. We
show how to redesign the menu to simultaneously improve outcomes for consumers, the
utility, and the environment.
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1 Introduction

Electricity markets are inefficient. Consumers often pay a static price throughout the day
as the marginal cost of generating electricity fluctuates. This inefficiency is compounded by
externalities. For example, electricity generation accounts for 25% of US carbon emissions
(EPA, 2024). A Pigouvian solution would set the real-time price of electricity to its marginal
social cost of generation. However, consumers tend to be inattentive to frequent price changes
(Fabra et al., 2021). Moreover, mandating real-time pricing is typically politically infeasible.

Many utilities have responded to these constraints through a form of second-degree price
discrimination. They offer consumers a choice from a menu of static price plans and simple
dynamic ‘time-of-use’ plans that charge a higher price during a predetermined interval when
costs are usually high. Selling electricity using menus is widespread with half of the twenty
largest US utilities — which serve approximately 50 million households comprising nearly
40% of the population — offering menus with multiple static and time-of-use plans.

In theory, when consumer types are private information, offering a menu can potentially
match consumers to their most efficient plans through self-selection. For consumers who
select time-of-use plans, within-day price changes provide incentives to ‘load-shift’ consump-
tion from high-cost times to low-cost times, and to ‘load-shave’ by reducing consumption
altogether. Despite the theoretical promise of this approach, little is known about how
to design an efficient menu with time-varying social costs in practice. A key challenge is
to anticipate how menu efficiency will be affected by the presence of multiple distortions,
such as institutional constraints (e.g. a requirement to offer static plans) and behavioral
constraints (e.g. consumers who are inattentive or misunderstand plan incentives). This
challenge makes the menu design problem an important application of the theory of the
second best, where correcting one distortion — for example, by offering a dynamic plan that
approximates marginal social cost — may fail to maximize social welfare in the presence of
other distortions (Lipsey and Lancaster, 1956).

In this paper we develop an empirical framework for optimizing menu design when there
are time-varying social costs and realistic design constraints. Our new framework accommo-

dates consumer selection into plans on multidimensional heterogeneity, information frictions,



and high-frequency decisions for utilization and intertemporal shifting. It also accommodates
institutional constraints on menu design, such as mandates to offer static price plans or re-
strictions on the intermittency of high-price hours in dynamic plans.

We apply our model to data on a random sample of eight-thousand households from a
large utility in Phoenix, Arizona. We observe each household’s demographics, price plan
enrollment and switching, and consumption in 15-minute intervals for five years.! This is
an ideal setting in which to study menu design because of the richness of the menu, which
includes three time-of-use (TOU) and two non-TOU plans. Using the estimated model,
we (i) evaluate how TOU pricing affects welfare in the current menu, (ii) test counterfac-
tual interventions designed to increase consumer responsiveness to plan incentives, and (iii)
characterize the second-best optimal menu.

We begin by documenting four descriptive facts about consumer behavior. First, we show
that a subset of consumers respond strongly to TOU incentives by load-shifting and load-
shaving. This finding is based on a nonparametric double-difference estimator that leverages
longitudinal and cross-sectional variation in consumption. Most of the load is shifted after
prices decline, with a smaller shift before prices rise. The size of the shift declines with the
high-price interval’s duration. However, our second descriptive fact is that most consumers
do not respond to marginal prices: 74% of consumers who selected TOU plans do not respond
to within-day price changes of up to 400%.

Next, we analyze consumers’ plan choice and switching decisions. Our third fact is that
consumers select into and out of TOU plans based on both their within-day price sensitivity
and the amount of money they can save by switching without adjusting consumption. In
other words, there is selection into plans on both the level and slope of demand (Einav et
al., 2013; Ito et al., 2023). However, our fourth fact is that switching appears to be inhibited
by inattention. For example, consumers are more likely to switch plans just after receiving
large monthly bills.

Based on this descriptive evidence, we develop an empirical model in which consumers

!These households that do not own solar panels or electric vehicles. This group best represents the US
population since fewer than 5% of houses have rooftop solar (EIA, 2022) and fewer than 5% of vehicle
registrations are electric or plug-in hybrid (DOE, 2022). Consumers who own solar panels or electric cars
choose from different price schedules than the consumers we study.



repeatedly choose price plans and consumption profiles. Each month, a consumer has the
option to switch plans, but the consumer only considers this option if they first receive
an “attention shock” A consumer who considers switching makes a decision based on their
annual utility from each plan and their decision may be influenced by inertia (i.e. an increase
in utility for the default plan). Given their plan choice, the consumer next decides how
much to consume in every 15-minute interval of a day. Their consumption preferences
differ between weekdays and weekends, and across the year. We allow for heterogeneity
in consumers’ desired load shapes (modeled as a set of 15-minute bliss points throughout
the day), their price sensitivities, and their disutility from shifting load within a day. We
also allow for heterogeneity in how consumers perceive prices; specifically, we allow for the
possibility that some consumers respond to the average prices they see on their monthly
bills, which is a common behavioral heuristic (Ito, 2014; Shaffer, 2020).

We estimate the model via simulated method of moments. We exploit quasi-experimental
variation from sharp within-day price changes in TOU plans, as well as consumer choice
behavior, to identify model parameters. We find that consumers sort themselves over TOU
plans based partly on load-shifting preferences. After consumers choose plans, we find that
they become relatively inattentive to the menu, but that inertia toward the current plan is
small.

We use our estimated model to ask three questions. First, how would social welfare
be affected by removing existing TOU plans from the menu? Surprisingly, we find that
this would increase welfare. Decomposing this result, we show that dramatic TOU price
changes (which can be more than four times marginal social cost) cause consumers to make
large shifts in consumption from high-price to low-price hours. This behavior is privately
rational. However, the social benefit is relatively small because the load is shifted between
periods where private and external generation costs are similar. This benefit is smaller than
consumers’ private utility costs of load-shifting.

Next, we ask whether social welfare would be improved by a counterfactual intervention
that makes the subset of consumers who currently respond to average prices respond to

marginal prices instead.? We find that this would decrease welfare by exacerbating ineffi-

2For example, the intervention could be an information treatment or a subsidy for ‘smart thermostats’



cient load-shifting responses to current plan incentives. The outcome would be improved if
inattention and inertia were eliminated — or if consumers could be assigned to the plans that
maximize social welfare — but we show that either scenario would still result in a net welfare
loss from the intervention. These results echo the theory of the second best: correcting one
or more distortions when other distortions are present may reduce welfare.

Third, what is the optimal menu given the typical utility’s constraints? To define a
benchmark for comparison, we start with a hypothetical ‘first-best’ scenario: assign all TOU
consumers to a single plan that best approximates marginal social cost by setting one high
price and one low price in contiguous intervals. This increases social welfare relative to
the status quo by $50.1 per consumer /year. While the environment and the utility benefit,
consumer welfare declines by $218.9 per consumer/year, implying that such a scenario is
likely infeasible. Further, if we add the realistic design constraint that consumers must
be allowed to choose the non-TOU plans on the current menu, self-selection (out of TOU
pricing) cuts the welfare gain from offering the ‘first-best’ plan by more than half.

Finally, we solve for the second-best optimal menu. We optimize over thousands of
potential TOU plans and millions of potential menus. Our objective function is to solve
for the peak hours and on- and off-peak prices of TOU plans that maximize social welfare,
subject to the constraint that the two non-TOU plans are still offered on the menu, consumers
choose optimally, and changes to the menu are at least budget neutral for the utility. We
first consider the case where a single TOU plan is offered. We find that it is optimal to
distort the off-peak price to below marginal social cost (to encourage selection into the TOU
plan) and to extend peak hours to 1-10pm. This menu achieves almost 90% of the benefits
of the ‘first-best’ plan. It is also more equitable: consumers, the utility, and the environment
all benefit. Further, low-income consumers benefit relative to high-income consumers. More
complicated menus with multiple time-of-use plans would slightly benefit consumers, but

result in almost no additional social welfare gain.

Contributions and related literature. Our study advances knowledge in three ways.
First, we develop a new framework to study optimal menu design with time-varying private

costs and externalities. Importantly, we distinguish consumers’ price sensitivity from their

or other technology that could lower the cost of responding to marginal prices.
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preferences for intertemporal substitution (and allow selection into plans on both dimen-
sions). This distinction is both crucial to solving the menu design problem and a substantial
departure from prior work on electricity plan selection and consumption (e.g. Hanemann,
1984; Hausman, 1985; Reiss and White, 2005; Fowlie et al., 2021; Ito et al., 2023). It also
differentiates our study from prior research on how consumers incrementally choose price
schedules and consumption quantities in other markets, such as health insurance and cell
phone service (e.g. Einav et al., 2013, 2021; Grubb and Osborne, 2015; Cabral, 2017; Lin
and Sacks, 2019; Marone and Sabety, 2022). We evaluate the extent to which harnessing
this knowledge in practice delivers on its theoretical promise.

In addition, our framework incorporates several aspects of consumer behavior that have
been shown to be quantitatively important in RC'Ts and quasi-experimental studies of elec-
tricity markets, and we are able to assess the degree to which they jointly interact and matter
for optimal menu design. These include information frictions and inattention (Sallee, 2014;
Jessoe and Rapson, 2014; Hortagsu et al., 2017), default effects (Fowlie et al., 2021), selection
into plans based on potential savings and price sensitivity (Ito et al., 2023), and variation in
whether consumers respond to average or marginal prices (Ito, 2014; Shaffer, 2020).

Second, we develop the first evidence on how electricity consumers respond to a menu
comprised of multiple static and dynamic price schedules. These complex menus represent
the way that many utilities implement dynamic pricing in practice. Consumers in our setting
choose from five plans, where the three dynamic plans differ in when the high-price interval
starts, how long it lasts, how much price increases, and how these features change seasonally.
This variation allows us to identify how consumers sort themselves over dynamic plans,
differentiating our study from prior work that examined binary choices between a static plan
and a dynamic plan (Fowlie et al., 2021; Ito et al., 2023).

Finally, we develop a set of new results about designing socially efficient menus in the
presence of time-varying externalities and consumer self-selection. Prior studies examined
how price schedule design affects market outcomes, conditional on an assignment of con-
sumers to schedules (e.g. Wolak, 2011; Jessoe and Rapson, 2014; Prest, 2019; Yang et al.,
2020; Fabra et al., 2021; Blonz, 2022; Harding et al., 2023; Burkhardt et al., 2023; Bailey et
al., 2024; Schittekatte et al., 2024; Hinchberger et al., 2024). Our results extend this line of



research to a more generic setting where consumers sort over multiple price schedules. We
show that menus can be redesigned to yield welfare gains to consumers, utilities, and the
environment, without having to modify how electricity is generated. This finding parallels
evidence on the optimal incentive regulation of utilities in Abito (2020). More broadly, our
results are also relevant for assessing the equity and efficiency of dynamic pricing in other

markets with time-varying externalities such as transportation (Li, 2018; Yang et al., 2020).

2 Context
2.1 The Salt River Project Utility

The Salt River Project (SRP) is a vertically integrated public utility. It was established in
1903 and serves about 2.2 million people in the Phoenix, Arizona metropolitan area.®> SRP’s
generation profile is similar to the US as a whole. Just over half its generation comes from
natural gas and coal-fired plants. It also co-owns one of the nation’s largest nuclear plants
and has a small but growing share of generation from renewable sources.

SRP has been a pioneer in dynamic pricing. In 1980, it was among the first utilities to
offer an optional TOU plan (Schwartz, 2012). This required installing advanced metering
infrastructure, commonly known as “smart meters”, to track consumption in real time. Dur-
ing our study period, more than 99% of SRP customers had smart meters and the option to
enroll in multiple TOU plans.

SRP has several key objectives in designing its price plans and does not simply maximize
profit (SRP, 2018). They include recovering generation costs, increasing consumer welfare,
and increasing sustainability.? Its specific sustainability goals for 2035 include reducing the
C'O, intensity of its generation by 65% relative to 2005 (SRP, 2023). When SRP management
proposes changing its plans, the changes must be approved by SRP’s publicly-elected Board
of Directors that is tasked with ensuring its menu of plans is consistent with SRP’s stated

goals. We return to these objectives in our optimal menu design problem in Section 8.2.

3Households in Phoenix are assigned to electricity providers based on their residential locations.

4For example, SRP’s Pricing Principles include: “Choice—to constantly improve customer satisfaction
through the creative design of pricing structures that reflect customers’ different desires or abilities to manage
consumption, assume more price control, or demand differentiated products and services” (SRP, 2018).



2.2 The Menu of Price Plans

The menu that a customer faces depends on whether they have solar panels, an electric
vehicle, both, or neither. We focus on households that did not have solar panels or electric
vehicles at any point during our study period. This group best represents the US population
since fewer than 5% of US households own each technology (EIA, 2022; DOE, 2022).

Figure 1 summarizes the menu of plans. Each panel shows how a particular plan’s prices
vary from SRP’s winter season (November through April) to the summer season (May, June,
September, and October) to the peak summer season (July and August).

SRP offers three TOU plans that raise price during weekday on-peak hours.> We refer
to each plan by its summer on-peak hours. Figure la shows the 2-8pm plan. In summer, its
price rises 289% from 2pm-8pm (shown on the horizontal axis) and this differential increases
to 330% in the peak summer season.® In winter, the price rises 38% from 5-9am and 5-9pm.
Figure 1b shows the 3-6pm plan. It has the same peak hours year-round, with price increases
of 44%, 349%, and 404% in winter, summer, and summer peak seasons. SRP also offers a
4-Tpm plan (not shown in Figure 1) that is otherwise identical to the 3-6pm plan.

Figure 1c shows the block rate plan. Customers pay $0.078 per kilowatt hour (kWh)
in winter. In summer, the price rises to $0.109 for the first 2,000 kWh during a monthly
billing cycle (shown on the horizontal axis) and $0.113 for each additional kWh. Those prices
rise to $0.116 and $0.127 in the peak summer season. Figure 1d shows the flat rate plan.
The winter price matches the block plan, and summer prices lie in between the block tiers.
This plan is coupled with a prepay feature that requires customers to deposit money into
an account that is drawn down to pay for consumption. It is designed for budget-minded
customers.

This menu provides the first opportunity to study how consumers choose between multiple
TOU and non-TOU plans. Prior observational studies of electricity demand focused on block-
rate customers without access to TOU pricing (e.g. Reiss and White, 2005; Ito, 2014). Prior

experimental studies allowed subjects to choose between one TOU plan and one non-TOU

°All weekends and the following holidays are excluded: New Year’s Day, Memorial Day, Independence
Day, Labor Day, Thanksgiving Day, and Christmas Day.

6The within-day variation in large compared to Spain’s real-time pricing market, where pries varied by
23% on average (Fabra et al., 2021).



Figure 1: Plan-specific Prices by Hour of Day and Season
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Note: In panels (a) and (b) the horizontal axis shows the hour-of-day. In panels (c¢) and (d) the horizontal
axis shows total kilowatt hours consumed during a monthly billing cycle.

plan, after setting one of the two plans as the default (Fowlie et al., 2021; Tto et al., 2023).
2.3 Enrollment, Switching and Information

Importantly, there is no default plan on SRP’s menu. New customers are prompted to choose
a plan that matches their preferences by clicking a bubble on an online enrollment form or by
talking to a customer service representative on the phone. Existing customers can follow the
same process to switch plans at any time. SRP’s website explains each plan’s price schedule,

along with an intuitive summary of how the plan works and how it differs from other plans.



Appendix A provides images of the choice process and additional background.

After choosing a plan, a customer can open an online account to monitor their hourly
consumption and expenditures. The online accounts also report how much the customer can
expect to save (or lose) by switching to other plans. These projections are based on one’s
consumption history and presented in terms of monthly and annual expenditures. Appendix

Figures A.2 and A.3 show how the information is presented.

3 Data
3.1 Household Sample

We start with a random sample of 8,805 households who do not own solar panels or electric
vehicles.” We observe the dates each household starts service, the zipcode of the address,
and the plans they choose. For households who switch plans, we observe the dates they
switch and the new plans they choose. Finally, we observe some demographics, including
measures of household size and income.®

We use smart meter data on each household’s consumption in 15 minute intervals from
May 1, 2019 through April 30, 2023. We use these data to calculate monthly bills for
each household. We also compute the monthly bill in each counterfactual plan holding
consumption fixed; we leverage these counterfactual bills to develop descriptive evidence on
plan choice in Section 4.2.% Appendix C provides supporting details for our bill calculator
and evidence that it predicts actual expenditures almost perfectly (e.g. p = 0.99).

We make a few cuts to standardize the sample. First, we drop 0.3% of household-months
with zero consumption. Second, we drop 0.3% of households in a pilot TOU plan that was
closed to enrollment prior to our study period and eliminated in 2021.'° Third, we drop 1.9%
of households who are missing demographics and 4.3% whose primary residences are outside

Phoenix.!* Finally, we exclude March 2020 through April 2021 during which Arizona’s social

distancing policies temporarily changed residential electricity demand.

"As noted earlier, households with solar panels and/or electric vehicles chose from a different menu of
plans and represent a small share of households.

8SRP obtained these data from an external contractor.

90ur model and counterfactuals allow for consumption to change when households switch plans.

0Peak hours were 2pm to 5pm. Dropping this plan simplifies construction of the choice set

UThese households are labeled as “seasonal visitors” in the demographics shared by SRP. They face
different incentives for plan choice and consumption than full-time residents.



Our trimmed sample includes 8,204 households. We observe them for 261,331 monthly
billing cycles starting in May 2019 and ending in April 2023. Approximately 79% of house-
holds opened accounts before May 2019 and the remainder opened accounts during our study

period. Their smart meter data comprise over 750 million 15-minute consumption intervals.
3.2 Summary Statistics

Table 1 summarizes household characteristics by price plan. The average household uses
1,313 kWh per month at a cost of $162. Consumption is driven by cooling due to Phoenix’s
desert climate. Mean consumption and expenditures are more than twice as large in peak
summer months compared to winter months.'?> The last five columns show that the block
rate plan has the largest market share (56%), followed by the 3-6pm TOU plan (23%) and
the 2-8pm TOU plan (17%).

Table 1: Summary Statistics Overall and by Plan

All plans block rate fixed rate  2-8pm TOU 3-6pm TOU 4-7pm TOU

market share (%) 100 56 3 17 23 1

# monthly bills 261,331 146,084 8,081 45,667 58,816 2,683
monthly kWh (mean) 1,313 1,202 1,229 1,609 1,373 1,240
monthly bill (mean $) 162 152 155 188 165 151
mean income ($1,000) 75 69 38 93 81 71
household size (mean) 2.1 2.0 1.8 2.4 2.0 1.8

Consumers are partially stratified across plans by household size and income. For exam-
ple, mean income is lowest in the fixed-rate plan, consistent with that plan being designed
for budget-minded customers. Likewise, income and household size are highest in the 2-
8pm TOU plan.’® In addition, regressing logged monthly consumption on household size
and income reveals that adding a household member is conditionally associated with an 8%
increase in consumption, which is equivalent to increasing income by about $27,000. These
conditional associations, together with the stratification patterns, motivate us to include

income and household size as potential preference shifters in our model in Section 6.

12 Appendix Figure D.1 shows monthly variation in consumption and expenditures.
13 Appendix D.1 provides additional information on household demographics.
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3.3 Marginal Social Costs of Electricity Generation

We estimate the marginal social cost of electricity generation by applying methods from
Borenstein and Bushnell (2022). This section provides a high-level summary of our approach,
which we describe in detail in Appendix B.

We start by compiling locational marginal price data for SRP from the California In-
dependent System Operator. These data describe wholesale prices at which SRP traded
electricity with other utilities at 15-minute increments from 2021 through 2023. Wholesale
prices reflect costs of generation and transmission on high-voltage power lines. Then we mul-
tiply the wholesale prices by inflation factors that Borenstein and Bushnell (2022) calculated
to account for transmission costs on low-voltage power lines. This yields hourly estimates

for the marginal private cost of generation.

Figure 2: Marginal Costs of Electricity Generation by Season and Hour

Winter Season Summer Season Peak Summer Season

Marginal Cost ( cents / kWh )

135 7 911 131517192123 1 3 5 7 9 11131517 192123 1 3 5 7 9 11 13 1517 19 21 23

Hour of the day

Note: The grey curve shows the marginal private cost of generation, averaged by hour within each pricing
season. The blue curve shows the marginal external cost of pollution. Adding them yields the marginal
social cost, shown as a black line at the top of each panel.

Next, we calculate hourly marginal costs of climate and health damages from burning
fossil fuels. We use the AP3 integrated assessment model to estimate hourly damages from
carbon dioxide, sulfur dioxide, nitrogen dioxide, and fine particulate air pollution emitted at
each fossil fuel plant on the western interconnection of the US electricity grid (Clay et al.,
2019). We aggregate hourly plant damages into four regions: SRP, the Southwest excluding
SRP, the Northwest, and California. Then we regress regional damages for each pollutant on

a spline function of hourly electricity load in each region. Finally, we use the coefficients to
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predict the hourly external cost of electricity used by SRP customers. These costs account
for damages from SRP plants as well as plants operated by other utilities that sell to SRP.

Figure 2 shows how marginal costs vary over the average day in each pricing season.
Private costs (gray) reflect variation in wholesale prices and transmission costs. External
costs (blue) are lower on summer afternoons when solar generation is higher and natural
gas is the marginal fossil source of generation. Adding private and external costs yields the
social cost curves shown in black at the top of each panel.

Note that the crests and troughs in Figure 2 do not align well with the peak period
in the most popular 3-6pm TOU plan in Figure 1. We return to this observation in the
counterfactuals. Moreover, TOU price levels diverge substantially from marginal social costs.
For example, during the summer and peak summer seasons, TOU prices are two to three
times higher than social costs during on-peak hours and slightly below social costs during

most off-peak hours.'

4 Descriptive Evidence

4.1 How Do Consumers Respond to TOU Pricing?

We estimate the extent to which TOU households respond to TOU pricing by reducing
consumption during high-price hours and shifting consumption to low-price hours. The
challenge here is that we only directly observe the total consumption of each household, and
this is jointly a combination of responses to plan incentives and preferences. Intuitively, and
as we formally operationalize below, we isolate the effects of plan incentives in two steps.
We first compare weekday and weekend consumption at the household level each week. The
idea is that TOU incentives are switched off on weekends and so in principle this controls for
preferences that vary across households and time. Moreover, we see that households sharply
lower consumption in the TOU period on weekdays but not weekends in Appendix Figure
3b. Second, we use a non-parametric matching estimator to remove the effects of systematic
differences in weekend versus weekday consumption.

More formally, let g;,,; denote consumer ¢’s electricity use during 15-minute interval ¢ on

4 Appendix Figure B.3 illustrates this divergence by superimposing the enrollment-weighted average of
TOU prices in Figure 1 on the cost curves in Figure 2.
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day w € {weekday(d), weekend(e)} of a particular pricing season, given that the consumer
is on price plan j € {T'OU, Block(B)}, where TOU denotes one of the three time-of-use
plans. The difference between a TOU consumer’s mean weekday and weekend consumption
during ¢ can be written as E[qqli, t, TOU] — Elg.|i,t,TOU] = ;1 rov + Airrou. The first
term after the equality, d;,rov, measures how TOU pricing causes 4 to adjust consumption
during ¢. This is the object of interest. The second term, A;; o, measures the remaining
difference between weekday and weekend consumption that is unrelated to TOU pricing. For
example, A; rouy may reflect differences in time spent outside the home for work or school
on weekdays versus weekends.

The weekday-to-weekend consumption differential for a block-rate consumer can be writ-
ten as Elqqli,t, B] — E[q.|i,t, B] = \isp."> Differencing average consumption differentials
among TOU and block-rate consumers yields d; rov + A,rou — A, p. This statistic fails to
identify d; 7o, however, if consumers sort themselves into plans such that A\, roy # A\ p. For
example, consumers who spend less time at home on weekdays may have more elastic de-
mand during on-peak hours and, consequently, select into TOU pricing. This is an example
of selection on the slope of demand (Einav et al., 2013; Ito et al., 2023).

Our estimator for 9, ; ror mitigates selection bias by matching each TOU consumer to a
composite block-rate consumer with a similar A\. The matching process embeds two assump-
tions. First, we assume there is a known internal, ¢, during which consumption is unaffected
by TOU pricing: 0; v ror = 0. Under this assumption, we can measure a TOU consumer’s
Av as: Ny rou = Elqali,t', TOU] — E[g.|i,t', TOU]. Then we match the TOU consumer to
block-rate consumers in the same quantile, v, of the unconditional distribution of A\;;. Our
second assumption is that these matches continue to be valid, on average, at all other times

of the day. The two assumptions are stated formally as A1 and A2.
Assumption Al. There exists a known t' s.t. 6;yrou =0 for all TOU consumers.
Assumption A2. (\;;rov|ve) = E[Nisplov] for all t ¢ t'.

Under assumptions Al and A2, consumer i’s response to TOU pricing can be recovered

155”, B = 0 for all block-rate consumers because they have no price incentive to adjust consumption during
the day.
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from a nonparametric double-difference estimator:
dierou = (Elgali. t,vv] — Elgeli,t,vv]) — (Elqaslt, vv] — Elges|t, vi]). (1)

For TOU consumer 4 in quantile v of the \ distribution at ¢, the estimator subtracts the
average weekday-to-weekend consumption differential among all block rate consumers in the
vy quantile from i’s consumption differential. Repeating this calculation at all ¢ ¢ ¢’ recovers
consumer ¢’s average response to TOU pricing throughout the day.

We implement this approach by setting ¢ = [10am, 11am] during the summer and peak
summer pricing seasons and dividing the Ay distribution into ventiles. During the winter
season we set t' = [10am, 11am] for the 3-6pm and 4-7pm plans and ¢'= [12:30pm, 1:30pm)|
for the 2-8pm plan (which has winter peak hours from 5-9am and 5-9pm). We think these
matching intervals are likely to satisfy Assumptions A1 and A2. First, they will satisfy Al as
long as TOU consumers do not shift consumption more than three hours from peak periods.*®
Second, the intervals capture differences in time spent outside the home on weekdays versus
weekends due to regular commitments in late morning and early afternoon such as work
and school. This will satisfy A2 as long as the time profile of these commitments is the
same for matched TOU and block-rate consumers. Finally, while we cannot test A1l or A2
directly, some violations would produce “pre-trends”. This provides an opportunity to falsify

our assumptions. We return to this point after explaining Figure 3.

Evidence of load-shaving and load-shifting. Figure 3a presents a representative exam-
ple of our estimates for Sm It shows the estimated causal response to TOU pricing during
the peak summer season for consumers on the 3-6pm plan. The tinted curves depict hetero-
geneity in responsiveness. Each curve shows the mean response for a decile of consumers,
ranked by the change in mean usage during on-peak hours (delineated by dashed vertical
lines). Consumers in the three most responsive deciles reduce peak load by about 3.5 kW, 1.5
kW, and 0.75 kW. These reductions are substantial compared to the mean load during 3-6pm
on weekends (about 4.5kW). Importantly, the figure also shows that the top two deciles shift

6T his assumption would be stronger for households who own electric vehicles that require long charging
periods. As noted earlier, our sample excludes such households.
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Figure 3: Estimated Response to TOU Pricing

(a) Heterogeneity in load shifting and load shaving
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Note: Panel (a) shows estimated consumer responses to TOU pricing in the 3-6pm plan. Each curve
corresponds to a decile of consumers, ranked by the size of the estimated response during peak hours.
Dotted vertical lines delineate peak hours. The solid line in Panel (b) shows the average weekday load curve
for the subset of consumers that we find to be responsive to TOU pricing in the 3-6pm plan. The dashed
line shows the analogous load curve for responsive consumers in the 2-8pm plan.
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some of their on-peak load to adjacent off-peak hours, particularly 6pm to 8pm.'” Analogous
results for the other TOU plans and pricing seasons are shown in Appendix Figure D.2.

Figure 3a also suggests that most consumers have little or no response to TOU pricing.
Peak usage changes by less than 0.5kW for the bottom seven deciles. Whether or not a
particular consumer responds to TOU pricing could be driven by preferences, attention, or
ownership of complementary products such as smart thermostats. Since we lack data to
distinguish these hypotheses we treat responsiveness as a fixed characteristic. We use a
one-sided paired sample t-test to divide the consumers we ever observe on TOU plans into
two groups: “T'OU-responsive” and “TOU-unresponsive”. Our t-test is based on a donut
discontinuity design comparing a consumer’s mean usage 15-to-30 minutes before prices rise
during summer and peak summer seasons with their mean usage 15-to-30 minutes after prices
rise. We exclude the winter season to reduce statistical noise because consumption levels and
changes are much smaller in winter, as shown in Appendix Figure D.2. Similarly, excluding
15-minute intervals on each side of the price increase reduces noise if some consumers adjust
a few minutes early or late.'8

The results indicate that 26% of consumers respond to hourly price changes.'® Figure 3b
shows peak summer load curves for these consumers in the two most popular TOU plans:
3-6pm and 2-8pm. Appendix Figure D.3 shows load curves for responsive and unresponsive
households on each TOU plan and pricing season. The difference between the two curves
motivates how intensive-margin adjustments to TOU pricing can potentially redirect some

consumption to lower-cost hours.

"There are numerous ways to shift load. A leading example in Phoenix summers is to turn the thermostat
down below one’s bliss point to pre-cool living space from 12pm-3pm, then raise the thermostat above the
bliss point from 3pm-6pm, before turning it back to the bliss point at 6pm. SRP’s website advises customers
that this pre-cooling strategy is the easiest way for TOU customers to save money.

BThe test statistic is (¢i2 — qi,—2)/[sd(gi2 — ¢i,—2)/+/n], where t = —2 and t = 2 refer to 15-to-30 minute
intervals before and after prices increase at t = 0. An observation is a weekday during summer and peak-
summer months. This yields 384 observations for a consumer that we always observe on TOU plans. The
number of observations is smaller for consumers that switched between TOU and non-TOU plans, or that
opened new accounts with SRP during our study period.

911 principle, it could be interesting to treat responsiveness as a state variable with transition probabilities
that reflect opportunities for learning, technology adoption, and other factors driving changes in consumer
decision-making. However, such transitions are rare. When we repeat the paired sample t-tests separately
for 2019 and 2022 we find that only 2.2% of consumers switch from non-responsive to responsive and 1.8%
switch in the opposite direction.
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Validation and robustness. To judge the credibility of our approach to identifying the
causal response to TOU pricing, it is helpful to note that Figure 3a shows no response to TOU
pricing from midnight to 10am. All ten response curves approximately overlap the horizontal
axis at zero. This provides an indirect validation check on Assumptions Al and A2. If TOU
and block-rate consumers are poorly matched (violating A2) or if TOU consumers shift load
before 10am (implying that A1 is likely violated) then we would expect the curves to show
“pre-trends” by diverging from zero before 10am. This is clearly not the case.

Habit formation poses another threat to identification. If TOU consumers were to habit-
ually reduce electricity use during peak hours on weekends (when there is no price incentive
to do so) then our estimator for the casual response would be attenuated. Fortunately, the
scope for attenuation bias is minimal. Figure 3b shows that when weekday prices rise, usage
declines by 31% for responsive consumers on the 2-8pm plan and by 51% for those on the

3-6pm plan. The corresponding changes on weekends are only 2% and 6%.2%°
4.2 How Do Consumers Choose Electricity Plans?

To investigate how consumers choose plans, we first focus on 395 consumers who switched
between TOU and non-TOU plans. We regress an indicator for switching into TOU pricing
on an indicator for whether the consumer is TOU-responsive, and on the average monthly
amount the consumer would have saved on their non-TOU consumption profile had they
purchased it on their cost-minimizing TOU plan. A caveat is that we compare bills in
this exercise holding consumption fixed across plans; while this assumption is useful for the
descriptive evidence, an important reason we later need a model is to relax this assumption.

The “TOU switcher” column of Table 2 shows that a $10 increase in monthly savings
from switching to TOU pricing is associated with a 2% increase in the switching probability,
consistent with selection on the level of cost savings. Moreover, TOU-responsive consumers
are 13% more likely to select into TOU pricing, consistent with “selection on the slope” of
hourly demand (Einav et al., 2013; Ito et al., 2023). In other words, consumers who respond
to hourly price changes are more likely to choose TOU plans that reward that behavior.

Further, consumers who switch plans are more likely to minimize their annual costs after

20 Appendix Figure D.4 provides additional visual evidence by showing weekday and weekend load curves
for responsive and nonresponsive consumers on each TOU plan.
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switching (and potentially adjusting their consumption to the new plan’s incentives). This
finding is based on 2,022 observations of annual costs for 761 consumers who switched plans
exactly once between 2019 and 2023. We regress an indicator for whether the consumer
minimized the cost of their annual consumption on an indicator for whether they switched
previously, and an interaction between past switching and TOU-responsiveness.?* We include
fixed effects for consumers and years to identify the regression coefficients from within-
consumer expenditure changes. The “cost minimizer” column in Table 2 shows that switchers
are nearly 15 percentage points (or 50%) more likely to minimize costs after switching. The
smaller interaction term suggests that switchers who do not respond to hourly price changes
do respond to between-plan differences in price.

Finally, we observe that consumers are more likely to switch plans after receiving large
monthly bills, consistent with inattention. Figure 4a shows that switchers are 2.5 times as
likely to switch between May and August (when bills rise and peak) as between September

1.22

and Apri Figure 4b shows that, within a given month, consumers are more than 3 times

as likely to switch during the 5-day period after a billing cycle ends than during the rest of

the month, despite being free to switch at any time.?3

4.3 Summary of the Descriptive Evidence

In summary, the descriptive evidence suggests four main facts for our model to explain.
First, the average TOU consumer shaves load during on-peak hours and shifts some load to
off-peak hours (Figure 3b). Second, there is heterogeneity in load-shaving and load-shifting,
and a substantial fraction of TOU consumers do not adjust hourly electricity use to hourly
price changes (Figure 3a). Third, consumers select into plans based partly on the level of
cost savings and the slopes of their hourly demand curves (Table 2). Finally, consumers are
more likely to switch plans after receiving large monthly bills (Figure 4). Our model explains
these facts, while also recognizing that TOU-unresponsive consumers may instead respond

to average prices on their monthly bills (Ito, 2014).

21For consumers that were never on TOU plans the indicator is coded as zero.

2For the 1% of households who switched plans multiple times, we focus on their first switch

Z3We infer the end of the billing cycle from the day-of-month of each consumer’s initial enrollment, which
is normalized to zero in the figure. This provides a fuzzy measure for when a household would see its bill
because of variation in: (i) the number of days per month, (ii) when households see bills sent by mail and
email, and (iii) the relative timing of weekends and holidays, which affects when bills are sent.
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Table 2: Evidence on Plan Switching and Cost Savings

TOU switcher Cost minimizer

post switch

post-switch x TOU-responsive

TOU-responsive

mean monthly savings from switching to TOU ($10)

dependent variable mean
observation

# observations

R2

0.146
(0.044)
0.010
(0.061)
0.129
(0.050)
0.023
(0.011)
0.60 0.30
account account-year
395 2,022
0.03 0.72

Note: The “TOU switcher” column shows results from a cross-section regression that uses data on consumers
who switched between TOU and non-TOU plans. The “Cost minimizer” column shows results from a panel
data regression that uses data on consumers who switched between any pair of plans. It includes fixed effects
for consumer and year. Standard errors are clustered by consumer.

Figure 4: Timing of Plan Changes
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Note: Panel (a) shows the share of switchers who switched each month alongside monthly average bills.
Panel (b) shows when switches occurred relative to the end of the prior billing cycle.
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5 Modeling Consumers’ Plan Choices and Electricity Use

We model consumer behavior as a repeated two-stage process. Each month consumers choose
whether to switch plans. Their plan choices are potentially subject to inertia and inattention.
Then, given their current plans, consumers choose how much electricity to use each day as
well as when to use it. We divide consumers into TOU-responsive and TOU-unresponsive

groups based on their behavior, as explained in Section 4.1.
5.1 Daily Consumption Decisions Conditional on Plan Choice

5.1.1 TOU-responsive Consumer

Consider a TOU-responsive consumer ¢ on plan j. For a representative weekday or weekend
w in month m, the consumer has an ideal level of electricity consumption at each 15-minute
interval ¢t denoted by the bliss point v;,.:. The bliss point is the amount of electricity
the consumer would use if its price were zero.?* Given these bliss points and the plan’s
prices, the consumer chooses how much electricity load to shift from each interval ¢ to each
other interval, s;jmu, Where t' # t. The consumer also chooses how much electricity to
directly consume in period t, qijmwt.% Overall, the consumer chooses q;;,,,,, = {ijmuwt }+ and

Sijmw = {Sijmuwtt .y t0 maximize the following indirect utility function:

~

‘/ijmw - max Z U(Qijmwta Sijmw) (2)
t

qijmw’si]"mw
subject to: Gijmuwt > 0 and S;jmuww > 0, where:

U(Qijmwta Sijmw) - —(1/(2(,02)) X (Vimwt - qijmwt - Zt’#tsijmwtt’)2

TV
Deviation from bliss point

— B ptlimer (Sijmuwtt’) — Pijmawt X (Qijmauwt + 20 £Sijmauwt't)

Vv TV
Disutility from Cost of load consumed at t
shifting consumption

The first component of flow utility is a loss function that increases with the distance between

the bliss point and the load that is either directly consumed at period ¢ or shifted to another

24We restrict bliss points to be finite — that is, consumers have a satiation point of electricity consumption
— to reflect the fact that they have finite appliances and preferences over their usage. For example, increasing
air conditioning may reduce utility if the temperature is currently ideal.

2>The term gijmwt can be thought of as unshifted load i.e. load that is desired to be consumed in period
t that is also consumed in period ¢.
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period. Here, the w; parameter indexes how painful it is for consumers to consume away
from their bliss points.

The second component accounts for the disutility from shifting load from interval ¢ to
t'. For example, a consumer on a TOU plan with peak hours from 4pm to 7pm might
shift cooking dinner from 6:00-6:30pm to 7:00-7:30pm when price is lower. Here, shifting
consumption incurs disutility determined by d;,/(.) but it can also reduce expenditures if
load is shifted to periods with low prices, pjym:-

The third component of flow utility captures the total cost of load consumed at ¢, in-
cluding load shifted to this period. Total load at period ¢, Gijmwt + Xe/2tSijmuwrt, is directly
observed in the data. Note that we normalize the coefficient on price to -1, which implies
that indirect utility can be measured in dollars.?® The model allows consumers to have
different price elasticities through differences in w;; this can be seen clearly in the model’s

first-order-conditions in Appendix Section E.1.

5.1.2 TOU-Unresponsive Consumers

TOU-unresponsive consumers could be price insensitive with w; =~ 0, or they could respond to
different measures of price such as the average prices they see on monthly bills. Responding
to average price is a common behavioral heuristic among electricity consumers (Ito, 2014;
Shaffer, 2020).%” The average price is salient because it is reported directly on monthly bills
whereas on- and off-peak prices are not. With this in mind, we nest both of these theoretical

explanations and model a TOU-unresponsive consumer as choosing a load profile q;,,,, to

26Bquivalently, we normalize the marginal utility of income to 1. This assumption is also common in the
health insurance literature which uses related models (e.g. Einav et al., 2013; Marone and Sabety, 2022).

2TFor example, in a study of British Columbia consumers who were switched from a flat rate to a novel block
rate plan, Shaffer (2020) finds that 92% responded to average or marginal prices and that 8% mistakenly
perceived jumps in their new marginal block price as applying to all of their consumption. Our model allows
for the first two responses. We think the third response is unlikely in our setting for two reasons. First,
SRP’s block rate plan is not novel; it had existed for more than 50 years prior to our study period (naturally,
its prices changed over time). Second, SRP helps consumers avoid such mistakes by showing them how
much they would have spent on their actual consumption over the past year had they purchased it on the
block-rate plan (and each TOU plan). Appendix Figure A.3 shows how this information is presented.
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maximize indirect utility given its bliss points and its monthly average price, p;;m.-

‘A/;jmw = gl_ax Z ( - (1/(2"‘)1)) X (Vimwt - Qijmwt)Q - ﬁijm%jmwt) (3)
ijmw ¢

SubjeCt to: Gijmuwt Z 07 pz'jm = (5/7)ﬁijm,weekday + (2/7)pijm,weekend7

where Dijmw = LitQijmuwtDjwmt ) Stijmuwt

Section 6.2.2 explains how we identify w; to determine whether TOU-unresponsive consumers
actually respond to average price or are simply price-insensitive. Also note that the monthly
average price is consumer-specific because it depends on how ¢’s consumption profile interacts
with plan j’s price schedule on weekdays and weekends.

Equation (3) also differs from the TOU-responsive consumer’s optimization problem in
(2) in that there is no load shifting. This is not an assumption; it is the optimal response
to load shifting being costly and consumers (potentially) perceiving price to be constant

throughout the month.

5.1.3 Block-rate and Fixed-rate Plans

Non-TOU plans fit into the above framework. The fixed-rate plan can be viewed as a TOU
plan with no on-peak period. The block-rate plan can be viewed as a modified fixed-rate
plan, where the marginal price is determined by whether total consumption is above or below
2,000 kWh in that month.?® Note that there is no incentive to load-shift on block-rate and

fixed-rate plans because their prices are constant throughout the day.
5.2 Plan Choice

To calculate annual utility for plan j, we first aggregate flow utility in Equations (2) or (3)

over weekdays and weekends in month m, and then aggregate over months to calculate:

V;j = 2(1/12> X ((5/7) X ‘A/ijm,weekday + (2/7) X f/ijm,weekend) (4>

m

At the start of each month m an existing customer i “pays attention” and considers

28When computing the indirect utility for the block-rate plan — which is relevant for the plan choice
decision — we adjust for the fact that if a consumer is consuming more than 2,000 kWh in a month then
consumption below 2,000 kWh has a lower price.
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switching plans if they receive a positive draw from a Bernouilli distribution with parameter
aim.2® If the consumer draws a value of 0 then they are inattentive and remain in their
current plan. Conditional on paying attention, the consumer reconsiders their plan choice

by maximizing annual utility plus €;;,,, an i.i.d. logit error with scale parameter o.:
max {Vij + 71 = 9(0)] + occim | (5)

Here, ~; is an “inertia” term that captures any other mechanisms, apart from attention, that
could bias a consumer toward staying in their current plan g(i).> While inertia and inatten-
tion are distinct mechanisms, both can contribute to a “default effect” in which consumers

are unlikely to switch out of their default plans (Fowlie et al., 2021).

6 Estimation and Identification

To estimate the model we must parameterize the following components of Equations (2)-(5):
the load shift disutility function d;,,;/, the bliss points V., the loss function parameter w;,
the attention parameter a;,,, and the inertia parameter ;. We narrow our focus to estimating
preferences for the subset of consumers who we ever observe on TOU plans. As we explain
below, we rely on within-plan variation in prices for identification. Non-TOU plans do not
contain enough variation to make this strategy feasible without adding relatively strong
parametric assumptions.®’ Thus, focusing on TOU consumers improves internal validity. A
caveat is that we need to consider whether non-TOU consumers will switch into TOU plans

when we evaluate counterfactual policies. We discuss this in Section 8.
6.1 Parametric Forms

Loss function parameter w;. We set w; = Su0j) +XiBu1, where X is a vector of consumer

demographics incorporating household income and size. The intercept, B.o(), is specific to

This is influenced by the descriptive evidence in Section 4.2 that switching plans is rare but follows a
strong seasonal pattern. Note that, for new households, they make an active choice and so are attentive.

30New consumers make a similar choice except they do not have an inertia parameter because they do not
have a current plan.

31For example, we would need to predict whether non-TOU consumers would respond to TOU pricing.
We would also need to separately identify their loss function and load-shift disutility parameters from data
on plan choice. In principle, this could be achieved via parametric restrictions on statistical distributions
used to characterize each source of heterogeneity.
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4(i), the initial plan a consumer chose when they first opened their account.** These plan-
specific intercepts address the “initial conditions” problem of disentangling preferences from
inertia (Wooldridge, 2005). That is, B,0;( is designed to capture selection into plans based
on unobserved preference heterogeneity. For example, TOU plans with larger within-day
price differentials may attract consumers with more elastic demand.

We also allow the S0;(;) and 3, parameters to differ between TOU-responsive and TOU-
unresponsive consumers. Thus, we estimate 10 loss function parameters: three initial plan
parameters and two demographic parameters, separately for TOU-responsive and TOU-

unresponsive consumers.

Bliss points. We parameterize the bliss points as Vimwt = Umwtj) + Um + V. Here,
v; ~ N(X;B,1,0,) is a consumer-specific random draw that shifts the bliss points up or
down by a constant. There are three parameters to estimate in 7;: the two parameters on
household income and size in 3,1, and the parameter o,. The parameter vector 7, con-
tains monthly vertical shifters of the bliss points. We estimate the ,,,, ; parameters (except
for o,) separately for TOU-responsive and TOU-unresponsive consumers, so there are 29
parameters in total from these components.

The component V) indexes how bliss points change, on average, across intervals
of the day, weekdays versus weekends, and months of the year, all conditional on initial
plan choice. We explain below how consumer-specific bliss points are identified at every
15 minute interval. However, estimation at this granularity would involve thousands of
parameters. Therefore, we further parameterize the distribution of bliss points across each
day. Concretely, we construct Up,,¢j(;) using a mwj(i)-specific mean-preserving spread of the

observed weekend consumption of the consumer’s initial plan j(i):

Umwtj(i) = émtj(z') X (émj(i)/émj(i)) (6)

where:  Cruwij) = Cmj(i) + Brawii) X (Cmtj(i) — Cmy(i))

The bar notation denotes a daily mean, ¢ denotes observed consumption, and 3,2,y indexes

32We treat this initial plan j(i) effectively as a ‘characteristic’ of consumer 4, which remains fixed even if
consumer i subsequently switched to a different plan.
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the level of the mean-preserving spread. For instance, at B,0uj() = 1, Vmwtj() = Cmej(i) SO the
bliss points are shaped similarly to observed consumption. At Byouwji) = 0, Umuwtji) = Cmij(i)
and the bliss points are constant throughout the day. We estimate 3,2, separately for
each plan to capture selection into plans on load shape. To keep the number of parameters
manageable, we set Upj) = 1 on weekends, and use the same initial plan-specific scale

parameter for TOU-responsive and TOU-unresponsive consumers.*?

(denoting ¢ in a peak period and ¢’ in an off-peak period):

Baimte = Baoj(i) + Baom + Bai[tmidpoint — t'| + Ba21[t" in 9-5pm] + X; 843 (7)

Here, (43 allows the disutility to vary with consumer-specific covariates and [g40;(;) captures
selection into plans based on unobserved heterogeneity. Buo, allows the disutility to vary
each month to allow for seasonal changes in the use of appliances that can potentially be
shifted (e.g. cooling). 41 allows the disutility of load shifting to vary with how long it needs
to be moved across time. Note that we measure the distance from the midpoint of the peak
period pigpoint- Finally, B4 recognizes that it may be easier or harder to load shift during

regular business hours when household members are less likely to be at home.

Inertia. We set v; = 3,04 + Xif,1. This specification allows inertia to vary with con-
sumer demographics and initial plan choices, analogous to the loss function and bliss-point

parameters.

Attention. As noted earlier, we model consumers as receiving attention shocks randomly
drawn from a Bernoulli distribution with parameter a;,,. We express a;,, as a logistic function
of X;, indicators for initial plan choice, and month indicators. The month indicators allow

the model to reproduce the seasonality in plan switching depicted in Figure 4.3

33Setting Umwtj(i) = 1 on weekends is motivated by the first-order-condition for consumption on weekends,
which — given that there is a constant price on weekends in each plan — is: ¢;; = vj; —w;py, i.e. consumption
is a vertical shift of the bliss points.

34We experimented with allowing a;,, to additionally vary with the percentage change in the consumer’s
last two monthly bills, following Hortagsu et al. (2017). However, the associated parameter was imprecisely
estimated because the percentage change in bills was nearly collinear with the month dummies, and including
it did not substantially improve model fit.
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6.2 Identification and Moment Construction

6.2.1 Consumption Parameters: TOU-responsive Consumers

The consumption parameters for TOU-responsive consumers are identified at the individual

1 level. We discuss intuition in this Section and provide formal details in Appendix E.

Identifying w;. A key identification challenge is price endogeneity. This is explicitly repre-
sented in the model primitives because the bliss points may increase in peak periods when
TOU prices are higher. Therefore a naive regression of consumption on price could result in
consumers appearing to prefer higher prices.

We solve this endogeneity problem by exploiting quasi-experimental variation that arises
from the sharp price changes within TOU plans. Intuitively, under the assumption that bliss
points 15 minutes before and after a cutoff are approximately equal, the consumption change
at the cutoff is caused by the price change. This consumption change is a combination of
load shifting and load shaving. The amount of load shifted is recovered from our descriptive
analysis in Section 4.1. Therefore, we also observe directly — for each consumer — how a
price change induces load shaving (i.e. induces the consumer to reduce consumption from
their bliss point). This identifies w; at the consumer level (shown formally in Appendix E.3).
Based on this idea, and our parameterization of w;, we include one moment for each TOU
plan for the median difference in utilization left and right of the sharp jump in peak price,

as well as moments for the covariance of this difference and each demographic characteristic.

Identifying bliss points. Using the identified w;, the bliss points are identified at the
individual level for every 15-minute interval (shown formally in Appendix E.3). Intuitively,
the bliss points can be recovered from the first-order condition for observed consumption
once the quantity of load shifted and w; are both known.

We include three sets of moments to identify the bliss point parameters. First, we include
three moments (one for each plan) for the average ratio of minimum to maximum consump-
tion in August; this pins down the mean-preserving spread parameter for each plan. Second,
we include average consumption moments to identify the plan-level and month-level bliss
point shifters. These comprise three moments — one for each TOU plan in August — plus

11 more moments for average consumption on the 3-6pm TOU plan for each other month.
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Finally, we include moments relating to the covariance of mean consumption and observable
demographics to identify (3,1, and the standard deviation of consumption across consumers

in August for the 3-6pm TOU plan to identify o,.

Identifying load-shifting parameters. Finally, the load-shift disutility parameters are
identified by manipulating the first-order-conditions for the load shifted from peak period ¢
to off-peak period ¢’ to obtain pjmwt — Pjmuwtr = Qi (Sijmuwie) (shown formally in Appendix

E.1). This can be rewritten as:

Pimwt — Pjmwt' = Baoj) + Baom + Bar [tmidpoint — t'| + Ba21[t'in 9-5pm] + Bas Xi + BaaSijmauwtrr

Thus, the 3, parameters are identified by how the shape of the shifted load varies over time.3
To this end, we first include a moment for each plan measuring the mean load shifted 3 hours
after the end of the peak period. Second, we include a moment for the 3-6pm TOU plan
that load-shifting to 11am is 0.0, consistent with our descriptive results. Third, we include
moments for the covariance of the mean load shifted and each observable demographic to
identify heterogeneous effects. Fourth, we include a moment for the 3-6pm plan for the load
shifted 3 hours before the start of the peak period. The difference between this moment
and the shift after the peak pins down the curvature parameter 544. Finally, we include a

moment for the mean shift in the 9am-5pm period to identify [gs.

6.2.2 Consumption Parameters: TOU-unresponsive Consumers.

As noted earlier, a key challenge is to determine whether the TOU-unresponsive consumers
are insensitive to TOU prices changes because they have very low w;’s or because they respond
to average price instead. We disentangle these hypotheses by exploiting plan switches.
Concretely, the difference in observed consumption in period ¢ for a consumer that
switches from plan j to plan j is: Qijmuwt — Gijrmwt = Wi(Dijim — Dijm). Since the average
prices before and after the switch are also directly observed, w; is identified at the consumer

level for switchers (shown formally in Appendix E.4). We do not see all consumers switching

35 A minor technicality is that, in practice, we do not observe temporal variation in X, so 44 is identified
by variation across households with different demographics. However, 844 could be identified by changes in
household demographics over time.
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in our data, so for those that do not switch, w; is identified using the assumption that the
price sensitivity is a function of observed demographics. With the price sensitivity identified,
the bliss points are identified by similar arguments and an analogous set of moments as for

the TOU-responsive consumers.
6.3 Plan Choice Parameters

The consumption parameters described above define the indirect utility of each plan for
each consumer, placing no restrictions on how consumers choose their plans. With this
information in hand, the remaining identification challenge is to disentangle inattention from
inertia. Intuitively, suppose that there are three plans, and that we see the same consumer
enrolled in two different plans at separate times. For example, in one period plan 1 is the
consumer’s default plan, and in another period plan 2 is their default. If they switch to plan
3 with the same probability in both scenarios, then there is no inertia and systematic failures
to switch to higher-utility plans must be due to inattention. To the extent that their default
plan distorts their choice probability, this then identifies inertia separately from inattention
(shown formally in Appendix E.3). In practice we also exploit across-consumer variation
(i.e. we can make the same argument for observationally equivalent consumers enrolled in
different plans).

Overall, we follow Hortagsu et al. (2017) who face a similar identification challenge. We
include moments based on the choice probabilities of switching plans. We provide a full

description of these moments in Appendix E.5.
6.4 Estimation

We estimate the model parameters in three steps, leveraging the fact that a consumer’s
daily consumption decision and plan choice decision are separable. First, we compute the
marginal utility of income for TOU-nonresponsive consumers “offline” by exploiting switchers,
and detail this procedure in Appendix Section E.4. Second, we estimate the parameters
for within-day electricity consumption via simulated method of moments. We detail the
computation of this step in Appendix Section E.2. Finally, we simulate each consumer’s
indirect annual utility for each price plan and estimate the plan choice model via general

method of moments (as in Hortagsu et al. (2017)), given the simulated indirect utilities.
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7 Results
7.1 Daily consumption decision

We use the estimates to simulate consumption at 15-minute intervals for each plan, month,
and weekday or weekend, for responsive and unresponsive TOU consumers. The model
fits the targeted moments well (Appendix Tables E.4, E.5). It also reproduces untargeted
moments describing monthly variation in plan-specific load curves (Appendix Figure E.1).
Panel A of Table 3 summarizes our estimates for the consumption parameters. While it
is difficult to interpret their magnitudes in isolation, there are several interesting patterns.
We see some sorting on price sensitivity across plans since there is heterogeneity in w; by

initial plan choice. But this heterogeneity does not change much by income or household

size.
Figure 5: Monthly average load-shifting disutility and bliss points
(a) Load-shifting disutility by month (b) Avg. 15-min bliss point by month
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Note: Panel (a) plots the load-shifting disutility by month, B40m, for TOU-responsive consumers in each
plan. It is scaled as the (average) marginal cost to the consumer of shifting one kWh one hour to the right
of the peak period, from a no-shift baseline where the quadratic load-shift term equals zero. We observe
no load-shifting in the data for November-April, so our model does not allow consumers to load-shift in
those months. Panel (b) plots the average weekday 15-minute bliss point by month, for TOU-responsive and
TOU-unresponsive consumers in each plan, using the plan-specific color scheme from Panel (a). Each line is
an average over the estimated bliss-points at each 15-minute interval of the day.
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Table 3: Selected Parameter Estimates

Panel A: Daily Consumption Model

Parameter Coef. SE ‘ Parameter Coef. SE

Load shifting disutility (5;) Loss function (3,), TOU responsive
Duration (841) 0.057 (0.048) Demographics:
9am-5pm (fBaz) 5.884 (2.210) Household size 0.202 (0.146)

Demographics: Income 0.786 (0.511)
Household size 0.0003 (0.00018) Initial plan choice:

Income -0.003 (0.003) 3-6 pm plan 4.522 (2.099)

Initial plan choice: 4-7 pm plan 2.712 (1.430)
3-6 pm plan 0.008 (0.005) 2-8 pm plan 6.470 (2.605)
4-7 pm plan 0.014 (0.007) Loss function (3,,), TOU non-responsive
2-8 pm plan 0.005 (0.003) Demographics:

Month intercepts: Household size' 2.694 (0.666)
May 0.002 (0.002) Income' 24.130 (7.762)
June -0.004 (0.002) Initial plan choice:

July -0.003 (0.001) 3-6 pm plan' 1.967 (0.934)
September -0.0001 (0.00003) 4-7 pm plan’ -2.497 (0.732)
October 0.005 (0.003) 2-8 pm plan’ -0.389 (0.507)
Bliss Points See Appendix Table E.3
Panel B: Plan Choice Model

Parameter Coef. SE ‘ Parameter Coef. SE

Attention Inertia

Constant -10.577 (1.032) Incumbent plan dummy  4.343 (0.229)

Income 1.394 (3.869) Incumbent plan X:

Household size 1.173 (0.175) Income 0.370 (0.764)

Initial plan dummies: Household size 0.659 (0.037)
4-7 pm plan 1.793 (0.521) Init. 4-7 pm plan 4.547 (0.241)
2-8 pm plan 0.108 (0.555) Init. 2-8 pm plan 2.380 (0.902)

Month dummies: See Appendix Table E.2 | Logit error scale (o) 0.007 (0.002)

Note.—Panel A reports results from the structural model of daily electricity consumption presented in
Section 5.1 estimated via SMM. Panel B reports results from the plan choice model presented in Section 5.2
estimated via GMM. In both panels, parameter estimates are reported with bootstrapped standard errors
in parentheses. T indicates externally calibrated parameters. See Appendix E.4 for more details.
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We find that consumers dislike load shifting; that shifting is more costly during business
hours (i.e., 9am-5pm); that income and household size do not significantly affect shifting
preferences; and that consumers select into initial plans based on their capacity for shifting.
To assess the overall magnitude of these preferences, Figure 5a plots the average marginal
cost of shifting one on-peak kWh by one hour to the off-peak period from May through
October.?® This cost is negatively related to mean temperature, which can be explained by
seasonal changes in load-shifting technology. For example, during hot summer months it is
relatively easy to shift air conditioning just before or after peak hours. There is less need for
air-conditioning in spring and fall, which limits the scope for shifting to appliances that may
be harder to adjust (e.g. changing when dinner is cooked). The between-plan differences
shown in the figure are consistent with selection into plans on load-shifting cost. Consumers
with lower shifting costs tend to select the 2-8pm plan which has the longest peak period
and so requires load-shifting across the largest amount of time.

Finally, Figure 5b summarizes the bliss point parameters (shown in Appendix Table E.3)
by reporting monthly average bliss points by consumer type and plan. Intuitively, the bliss
points increase in warmer months, reflecting the need for cooling. This pattern persists

across all consumer types and plans.
7.2 Plan choice

Panel B of Table 3 reports the inattention and inertia parameters. Overall, the inattention
parameters imply that the average consumer considers switching plans about once every
83 months. We find that attention increases with the number of household members and
monthly bill size. For example, an average consumer that initially selected the 3-6pm TOU
plan has a 0.03 percent chance of drawing an attention shock in February, when bills tend
to be lowest, compared to a 0.40 percent chance in July when bills tend to peak (see Figure
4a). This is consistent with “bill shock” triggering consumers to reconsider their options, and
similar to findings in Hortagsu et al. (2017).

We find that inertia increases with household size and is also larger for consumers who

36We make this calculation from a no-shifting baseline where the quadratic load-shift term equals zero.
Also recall that the model does not allow consumers to load-shift from November to April because we do
not observe any load-shifting in the data during those months.
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initially selected the 2-8pm and 4-7pm plans. To assess the relative importance of inertia
and inattention for plan choice we use the model to predict the number of consumers who
would switch plans over a one-year period if each mechanism were eliminated. Eliminating
inertia would quadruple plan switching whereas eliminating inattention would increase it by
a factor of 28. This difference is consistent with the hypothesis in Fowlie et al. (2021) that

inattention drives the “default effect” in electricity plan choice.

8 Counterfactuals
8.1 Welfare implications of consumer behavior

We start by examining how the current menu of price plans incentivizes consumers to modify
their behavior in ways that affect social welfare. We define the annual social welfare of
consumer ¢ in plan j(i) as the sum of consumer surplus and producer surplus minus pollution

damages:
Welfarei7j(i) = ‘/;7](1) + PSZ,](Z) — Damagesijj(i) (8)

Therefore, total social welfare is X; Welfare; ;).

Load-shifting and load-shaving. Figure 6 provides an example of how TOU pricing
induces load-shifting and load-shaving behaviors that affect private and social costs. We
illustrate these effects by reassigning all TOU-responsive consumers on the 3-6pm plan to
the block rate plan. The dashed line in Panel (a) shows the mean change in consumption
during September.>” The shaded area is the load shifted from 3-6pm to adjacent off-peak
hours due to TOU pricing. The difference between the shaded area and the dashed line from
3-6pm shows how much consumers load-shave when TOU prices are higher than block-rate
prices. Conversely, consumption increases outside the 3-6pm window when TOU prices are
lower than block prices, even after accounting for load-shifting.

Figure 6(b) shows how the load-shifting component of Panel (a) affects costs. The private

cost of electricity generation and its pollution cost both decrease from 3-6pm. However, much

3TWe see similar patterns in all other months where we observe load-shifting behavior, specifically May
through October.
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Figure 6: Role of load-shifting and load-shaving: 3-6pm peak plan vs block-rate plan
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Note: The figure shows the average change for TOU-responsive consumers reallocating them from the block
rate plan to the 3-6pm TOU plan in September (we see similar patterns for other months when there is
load shifting). The dashed line in Panel (a) shows the total change in consumption, and the shaded area
shows the change from load-shifting. Panel (b) shows how load-shifting affects (i) the private costs of power
generation, (ii) adjustment (load-shifting) costs borne by consumers, and (iii) costs from pollution damages.

Table 4: Welfare implications of consumer responses to the existing menu

Change vs baseline menu (dollars/year/consumer)
Welfare Consumer Producer Damages Private Expend. Load shift

surplus surplus costs costs
Existing menu
No load shift 33.8 -13.4 45.1 -2.1 5.3 50.4 -37.1
Max. utility 23.5 22.6 4.1 3.2 -0.9 3.2 -16.0
Max. welfare 32.0 18.8 18.0 4.7 2.7 20.7 -24.6
Eliminate TOU 19.8 -62.8 73.7 -9.0 0.1 73.8 -9.1
7T Responsiveness
Current plans -70.6 75.7 -117.1 29.2 -11.8 -128.9 32.8
Max utility -55.3 90.5 -114.5 314 -14.5 -129.0 25.1
Max welfare -47.1 86.2 -98.8 34.5 -9.9 -108.6 17.2

Note: The three rows below ‘Existing menu’ describe TOU-responsive consumers only (TOU-nonresponsive
consumers are relatively unchanged). The ‘max. utility’ and ‘max. welfare’ rows reallocate consumers
across the three TOU plans. ‘Eliminate TOU” is the effect on both TOU-responsive and TOU-nonresponsive
consumers from eliminating the three TOU plans in the existing menu. The rows below ‘I Responsiveness’
describe TOU-nonresponsive consumers only, after a hypothetical policy causes them to respond to TOU
prices similarly to TOU-responsive consumers.
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of this mass is transferred to just after 6pm when marginal costs remain high. Thus, the
3-6pm plan induces consumers to shift load, but not necessarily to lower-cost hours. Further,
consumers incur a significant utility cost of load-shifting, shown by the dotted line. Although
load-shifting is a privately optimal response to TOU pricing, it is striking that the consumer
adjustment costs exceed the private and pollution cost savings during peak hours.

To assess the broader implications of load-shifting we measure how social welfare would
be affected by preventing all TOU-responsive consumers from load-shifting on their chosen
plans. The first row of Table 4 reports results. Consumers use more electricity in peak hours,
increasing their mean bill costs by $50.4 per year. This is dampened by a $37.1 reduction
in load-shifting costs, so that mean consumer surplus declines by $13.4 per year. However,
producer surplus increases by $45.1 per consumer/year due to higher revenue and a small
increase in generation costs. The changes in private generation costs and environmental
damages are small because the “sending” and “receiving” periods over which load is shifted
have similar costs, as shown in Figure 6(b). Overall, eliminating load shifting in the current
menu would increase social welfare by $33.8 per consumer /year. This does not imply that
load-shifting is intrinsically inefficient. Rather, it highlights the difficulty of designing a
menu of price plans that succeeds in leveraging load-shifting to increase social welfare in the
presence of time-varying private costs and externalities, choice frictions, self-selection, and

consumers who differ in whether they respond to average or marginal prices.

Choice frictions. To measure how choice frictions affect welfare, we set the inertia and
attention parameters to zero for TOU-responsive consumers and simulate their utility-
maximizing plan choices. We find that they tend to move to the 2-8pm plan where they
reduce load shifting. The “max utility” row of Table 4 shows that this increases social welfare

by $23.5 per consumer /year, mainly through higher consumer surplus.

Selection into plans. Next, we examine how self-selection affects welfare by assigning
each TOU-responsive consumer to the current plan that would maximize social welfare.
This assignment increases social welfare by $32.0 per consumer/year. Much of the benefit

again comes from moving consumers to the 2-8pm plan where they reduce load-shifting.
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Does offering the existing time-of-use plans increase social welfare? To answer this
question we simulate eliminating the three existing TOU-plans. This would increase social
welfare by $19.8 per consumer/year. Thus, offering the existing TOU plans is inefficient
from a social perspective.®

For TOU-unresponsive consumers, the inefficiency stems from the fact that the block-
rate and fixed-rate plans yield average prices that are closer to marginal social cost. For
TOU-responsive consumers, the inefficiency is exemplified by Figure 6: their utility cost of
load-shifting far exceeds the reduction in generation costs. Overall, the current TOU plans
make large transfers to consumers to induce load-shifting that is ineffective at reducing costs.
In terms of distributional implications, eliminating the current TOU plans would increase

producer surplus and reduce pollution damages, but it would also reduce mean consumer

surplus by $62.8 per year.

Responding to marginal prices. Finally, we simulate a hypothetical policy that makes
TOU-unresponsive consumers respond to TOU prices in same way as responsive consumers,
conditional on demographics. The policy could be an information treatment, for example,
or it could endow consumers with “smart thermostats” that lower the cost of adjusting
to marginal prices. Examples of such interventions in the literature include Jessoe and
Rapson (2014); Prest (2019); Blonz et al. (2024). If the treated consumers were to remain on
their plans and not load shift then the intervention would lower social welfare by $41.6 per
consumer /year. Load-shifting increases the loss to $70.6 per year. These results echo the
theory of the second best: fixing one distortion — whether consumers respond to marginal
prices — can reduce welfare when there are other distortions — here, prices that deviate
from marginal social cost.

The last four rows of Table 4 repeat the experiment, first after removing choice frictions,
and then after assigning consumers to their social welfare-maximizing plans. Removing
choice frictions improves outcomes, as some consumers move to the 2-8pm plan and reduce

load-shifting, but social welfare still declines relative to the pre-policy status quo. Assigning

381t is possible that offering a subset of the existing TOU plans could be socially preferable to eliminating
them entirely. We tested this hypothesis by searching over menus for all permutations of existing TOU plans
(plus the base plans). We found that no such subset exists.
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consumers to their social welfare-maximizing plans yields little improvement.
8.2 The optimal second-best menu design problem: setup

We characterize the menu design problem as the social planner choosing a set of plans P

from a class of potential menus M (which we vary across the counterfactuals) subject to

constraints:
max ZWelfareZ—J(i) Subject to: (9)
Vijaoy > Vi forall j' € P (Across-plan implementability
Behavior of ¢ in j determined by Equations 2-3 (Within-plan implementability

YiPS; ji) = 2 PS;

,Jbaseline (’L)

)
)
(Budget non-negativity)
)

Fixed Rate, Block Rate € M (Menu includes base plans

The planner faces four constraints. First, consumers choose plans optimally.** Second,
within-plan implementability: given plan j’s incentives, consumer i chooses their 15-minute
consumption optimally, potentially load-shifting and load-shaving. Third, the new plan
menu must weakly increase the producer surplus of the utility. This captures the utility’s
pricing principles of ‘Cost Relation” and ‘Sufficiency’ (i.e. “to recover the cost of... a system
of assets" (SRP, 2018)): since we assume this principle is satisfied in the baseline menu this
constraint implies it is also satisfied in counterfactual menus. Fourth, the block-rate and
fixed-rate plans (which we refer to as the ‘base plans’) are in M, consistent with the utility’s
preference for not mandating TOU pricing. This captures the utility’s pricing principles of
‘Choice’ and ‘Gradualism’ (SRP, 2018): for example, in menu redesigns in 2019 and 2024
the utility kept these two conventional non-TOU plans, and instead redesigned the set of
TOU plans.

Overall, the constraints in (9) explicitly capture four out of five of the pricing principles
that guide the utility’s approach to rate design; we later check that the fifth (consumer

equity) is also satisfied. Furthermore, the objective function of maximizing social welfare —

39Since we are considering removing the current TOU plans and offering a new menu, this is an active
choice and so consumers will not be subject to inertia or inattention. However, we also discuss whether
inertia and inattention could be used as a policy tool.
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as opposed to just profit — closely aligns with how changes to our non-profit utility’s menu
are evaluated in the regulatory process. For example, the SRP board of directors explicitly
states the objective is “not to pursue the maximization of profit" (SRP, 2018), and more
recently has considered carbon emissions in rate design (SRP, 2023).

Our characterization of the planner’s problem embeds two main assumptions. First, we
maintain the trivial participation constraint that every consumer must choose a plan. This
is equivalent to assuming that changes in P do not induce consumers to move to residential
locations outside the utility’s service territory. However there is no TOU participation con-
straint. Since P always includes the block-rate and fixed-rate plans, they serve as outside
options for existing TOU customers.

Second, we assume that non-TOU customers will not switch to newly offered TOU plans.
The practical reason for this assumption is that, as mentioned in Section 6, it is difficult
to identify these consumers’ load-shifting preferences because we do not observe them in
plans with within-day price changes. However, the assumption is arguably justified for
two reasons. First, unlike current TOU consumers who would need to make active choices
when TOU plans change, non-TOU customers would face inertia and inattention, which our
estimates suggest are substantial. Second, since these consumers did not choose TOU plans
in the existing menu, they may be unable to profitably respond to TOU incentives. As
well, the counterfactual menus we consider below are, at most, slightly more generous than

existing options for consumers who actively chose these plans in the baseline.

Computation. We consider single-peaked TOU plans with a connected set of on-peak hours
in M. We allow the planner to vary the onset and duration of peak hours as well as on- and
off-peak prices in 1¢/kwh increments. Overall, we optimize over thousands of potential TOU
plans and millions of potential menus in the multiple-TOU case. In each case we compute
each consumer’s utilization in every 15-minute interval throughout the year.

Note that we do not optimize over the fixed fee for each plan (known as the ‘monthly

40The single-peaked feature is shared by the existing TOU plans with the exception of the 2-8pm plan
in Winter, which has two peak periods with relatively minor price changes. One may wonder about the
potential efficiency gains of designing plans with multiple peaks. It would be computationally challenging
to flexibly search over this dimension, given the large number of potential menus in the single-peaked case.
Moreover, utilities typically employ single-peaked plans. In the limit, offering multiple peaks approaches
real-time-pricing, which utilities have chosen not to employ.
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service charge’). This is constant across plans in the empirical menu, and so allowing it to
vary by plan does not appear to conform with the utility’s decision making. Furthermore, as
we discuss below, modifying the fixed fee would likely not improve outcomes. An interesting
topic for future research — albeit one that we do not consider here because it would require
additional assumptions on how consumers interact with plan designs that are not in our
sample — would be to consider optimizing over more complicated plan designs that, for
example, price the maximum load in any interval (known as a ‘demand charge’) or that raise

price when load approaches grid capacity (known as ‘critical peak pricing’).*!
8.3 The ‘first-best TOU’ benchmark

We consider the benefits of the ‘first-best TOU’ benchmark. By ‘first-best TOU’ we mean
both (i) a menu of plans, Py;s, and (ii) an allocation of consumers to plans that maximizes
social welfare. Equivalently, this is the solution to the menu design problem if the planner
knows consumer types and does not face the ‘across-plan implementability’ and the ‘budget
non-negativity’ constraints. The resulting first-best menu and allocation is simple. It consists
of the base plans plus a single TOU plan with prices and peak hours that best approximate
real-time-pricing at marginal social cost. The planner then assigns all TOU consumers to
the new plan.

Figure 7(a) plots the first-best prices against marginal social cost during the summer
peak season in July and August, and Table 5 shows that the plan increases social welfare by
$50.1 per consumer/year. However, the plan’s distributional implications could undermine
its feasibility. While the utility and the environment benefit, mean consumer surplus declines
by $218.9 per year. Note that even if the utility could modify the fixed part of the tariff
to compensate consumers at the expense of the utility — i.e. implementation with non-
distortionary transfers — consumers would be still worse off, since the decrease in consumer
surplus is greater than the increase in producer surplus. Further, mandating consumers
switch to plans where they are hundreds of dollars worse off violates our utility’s regulated
objective of allowing consumer choice.

Therefore, we next assign TOU consumers to the first-best plan, but allow them to opt

41For evaluation of critical peak pricing schemes see, for example, Jessoe and Rapson (2014), Fowlie et al.
(2021), Blonz (2022), and Hinchberger et al. (2024).
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Table 5: Welfare effects of counterfactual menu designs

Change vs baseline menu (dollars/year/consumer)
Welfare Consumer Producer Damages Private Expend.

surplus surplus costs
First best:
No choice 50.1 -218.9 191.7 -77.3 -49.9 141.8
Choice + inattention, inertia 444 -184.9 165.4 -63.8 -40.0 125.4
Choice + inertia 26.7 -60.5 65.4 -21.8 -9.2 56.2
Max. utility 23.1 -57.6 67.3 -13.3 -2.9 64.4
Menu designs:
Base plans + optimize:
1 peak/off TOU plan 44.2 1.3 6.2 -36.7 -14.6 -8.4
2 peak/off TOU plans 44.7 8.5 0.2 -36.1 -13.8 -13.7

Figure 7: Counterfactual menu designs (time-of-use component)
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Note: These figures show the design of the TOU components in various classes of menus. All menus include
the ‘base plans’ of the fixed-rate plan and the block-rate plan. Since the marginal social cost and plan design
change over the year, we plot this figure for weekdays in SRP’s defined ‘summer peak’ season of July and
August. In Panel (a) the peak hours are 3-10pm. In Panel (b) the peak hours are 1-10pm. In Panel (c),
plan 1’s peak hours are 1-8pm and plan 2’s peak hours are 4-11pm.
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out by switching to the block-rate or fixed-rate plans. Table 5 shows that if the inattention
and inertia that we observe in the data were to persist after consumers are assigned to
plans, then social welfare would increase by $44.4 per consumer/year. This is only a slight
decline from the first-best assignment rule because our choice model parameters imply that
few consumers would opt out of the default (first-best) TOU plan. On the other hand, this
policy would be a dramatic change from the status quo and, as such, it would arguably
eliminate (or substantially lower) inertia and likely cause consumers to be attentive. In this
case, Table 5 shows that self-selection would cut the benefits of offering P+ by more than
half to $23.1 per consumer /year.

Overall, these results illustrate an important caveat to the conventional wisdom that
offering a plan that prices at marginal social cost is socially optimal. When consumers have
access to other options — here, the base plans — the planner may be able to improve welfare
by accounting for self-selection and not pricing at marginal social cost. This motivates our
final counterfactual exercise in solving for the optimal menu under self-selection and the

other design constraints in (9).
8.4 Optimal second-best menu design: results

We re-solve the menu optimization problem for a scenario where existing TOU consumers
are required to actively choose between the base plans and a new single-peaked TOU plan.
We find that the optimal second-best menu would increase social welfare by $44.2 per con-
sumer /year. Further, this plan achieves 88.3 percent of the welfare gain from assigning all
TOU consumers to the first-best plan.

Figure 7(b) shows that the off-peak TOU price is substantially lower than in the first-
best plan. While this distortion provides socially beneficial incentives to induce consumers to
select into the plan, it causes consumption to exceed socially optimal levels during off-peak
hours, generating a slight welfare loss relative to first-best assignment. Table 5 also shows
that consumers, the utility, and the environment all do better on average, with most of the
benefits coming from a reduction in environmental damages. We also show in Appendix
Table E.6 that the optimal menu is progressive, in the sense that low-income consumers do

better than high-income consumers. This suggests that equity is unlikely to be a concern.
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Next, we consider the benefits of offering more than one TOU plan. Specifically, we solve
for the optimal menu under self-selection with two TOU plans.*? In theory, moving from one
TOU plan to two could increase social welfare by leveraging heterogeneity in bliss points,
load-shifting disutility, and the price sensitivity. In practice, however, we find that the added
benefit is minimal—less than one dollar per consumer/year. Part of the reason is that the
optimal second-best menu with one TOU plan achieves social welfare near the ‘first-best
TOU’ upper bound. This illustrates a policy-relevant lesson: a simple optimally-designed
menu can perform very well. In contrast, more complicated menus of TOU plans may add

little benefit, and risk harming welfare through self-selection.

9 Conclusion

We developed and estimated a novel model of electricity plan choice, consumption, and
intertemporal substitution. We used the model to design a second-best optimal menu of
electricity price schedules, given realistic design constraints and consumer self-selection. Our
findings demonstrate that menus can be redesigned to simultaneously increase consumer wel-
fare, reduce private generation costs, and improve environmental outcomes. These findings
are based on data from the hottest metropolitan area in North America: Phoenix, Arizona.
Its residents have adapted to extreme heat through energy-intensive air conditioning. There-
fore, our findings may inform how other regions can optimize menu design to manage the

growing demand for cooling as global temperatures rise.
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Supplemental Appendices

A Additional Background on Plan Choice
A.1 Enrollment

SRP did not have a default plan for new customers during our study period. It encour-
aged consumers to choose plans that matched their preferences.*® Figure A.1 shows the
enrollment form that an existing customer could use to switch plans.** New customers were
presented with a similar form, or they could choose a plan by talking with a customer service
representative on the phone.

Enrolling in the Customer Generation Plan or the M-Power Plan required calling cus-
tomer service to coordinate installation of additional metering equipment. A customer who
clicked a “learn more" link would be presented with images explaining the plan’s price func-
tion and intuitive summaries of the plan and how it differed from other options. For example,
the linked description of the “EZ-3 Plan (3-6pm)" shown in Figure 1b included the following

text:

How it works: At certain times of the day, many people and businesses in the Valley
are using enerqy, which puts pressure on the power grid. The SRP EZ-3 Price Plan offers
price breaks for customers who can commit to shifting their energy use outside of those high-
demand, or “on-peak,” hours. Save money by limiting your energy use during on-peak hours,
from either 8 to 6 p.m. or 4 to 7 p.m. on weekdays, year-round. Your reward? You’ll pay
lower off-peak prices all other hours, including weekends and siz observed holidays. On-peak

and off-peak pricing changes based on the season.

How is EZ-3 different from other time-of-day plans? The EZ-3 plan requires you

43SRP has a stated goal of promoting consumer choice. The “Pricing Principles" of its rate design process
include: “Choice—to constantly improve customer satisfaction through the creative design of pricing struc-
tures that reflect customers’ different desires or abilities to manage the consumption, assume more price
control, or demand differentiated products and services" (SRP, 2018).

YSRP offered a “risk-free" 90-day trial period for customers who switched from the block rate plan to
a TOU plan. Customers were told: “If your first three bills on [TOU plan name| aren’t lower than what
you would have paid with the [block plan name], we’ll credit you the difference and switch you back to the
[block plan name/". While interesting, this is not an empirically important feature of our data. Of the 87
households in our main estimation sample that switched from the block rate to a TOU plan, only 1 switched
back within 120 days.

46



Let's choose your price plan

° Select plan 0 Review

CURRENT PRICE PLAN  EZ-3 Plan (3-6pm)

If you need help selecting a price plan we have many resources that can assist you.

(® Time-of-Use Plan Learn more »
EZ-3 Plan (3-6pm) Learn more »
EZ-3 Plan (4-7pm) Learn more »
Electric Vehicle Plan Learn more »

Basic Plan Learn more »

O O O O O

Time-of-Use Demand Plan Learn more »

Customer Generation Plan Produce your own energy with solar
technology. Please call (602) 236-4448 to enroll. Learn more »

M-Power Plan Please call (602) 236-8888 to enroll. Learn more »

Figure A.1: Screen Shot of SRP’s Online Enrollment Form

Note: This figure shows the enrollment form that existing customers could use to switch plans. New
customers were presented with a similar form.

to limit your energy use during just three on-peak hours on weekdays. All other hours of
the day, including weekends and sixz observed holidays, are billed at the lower off-peak rate.
Other SRP plans, like our Time-of-Use plan, offer lower prices during off-peak hours. This
can translate to greater cost savings, but to realize those savings, you’ll need to limit your

energy use during a larger window of on-peak hours.
A.2 Information about consumption and expenditures

After creating an online account, a customer could view their hourly history of consumption
and expenditures. This information was posted within 48 hours. Figure A.2 provides an

example of how this information could be viewed for a customer on the Superpeak 3pm-6pm
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TOU plan. The left panel shows a particular day’s usage and the right panel shows the
associated hourly expenditures. Red and blue colors distinguish high price and low price
hours. It is important to note that this screen shot is not derived from the confidential

account data shared by SRP. Rather, it is based on one of our own accounts (Kuminoff).

My usage data My usage data
Current price plan EZ-3 Plan (3-6pm) Current price plan EZ-3 Plan (3-6pm)
Hourly Daily Billing Month Hourly Daily Billing Month
Stort date End dote Start date End date
8/16/2023 (] 8/16/2023 =2 8/16/2023 (] 8/16/2023 )
View usage in  Cost ($)  (UZELIED)) View usage in @ Usage (kWh)
$1.20
10 $1.00
— ¢ 3 $0.80
)
g 6 2 $0.60
© 3
4 4 N
2 3 $0.40
2
2 I I 5 $0.20 I I l
0 = 1 ) 7-. $0.00 siluss -
Aug 16 Aug 16 Aug 16 Aug 16 Aug 16 Aug 16 Aug 16 Aug 16 Aug 16 Aug 16
12:00 AM 5:00 AM 10:00 AM 3:00 PM 8:00 PM 12:00 AM 5:00 AM 10:00 AM 3:00 PM 8:00 PM
Off-peak ® On-peck ® Off-peak ® On-peak ®

[ View s datatable | [ Exportto Bxcel | [ View s datatable | [ Exporto Excel

Figure A.2: Screen Shot of a Customer’s Usage Data

Note: This figure shows hourly consumption on a particular date for a particular SRP customer (Kuminoff).
It was not generated from confidential data provided by SRP.

Customers could also use their online accounts to see how much they would be projected
to save (or lose) if they were to switch from their current plan to a different TOU or block-
rate plan. These projections were based on the account’s consumption history and presented
as monthly and annual expenditures. Hence, the projections effectively measured ex post
realized savings (or losses) from customers’ prior enrollment decisions. Figure A.3 provides
an example. Again, it is important to note that this screen shot is based on one of our own

accounts (Kuminoff) and not derived from the confidential data provided by SRP.
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My price plan

Current price plan EZ-3 Plan (3-6pm) Change

Price plan tip Shiffing energy usage to lower cost off-peak hours can save money on your bill.

Price plan comparison

Am | on the right plan? Below are the lowest cost plans for you based on your historical power usage and the prices at

that time.
EZ-3 (3-6 P.M.) EZ-3 (4-7 P.M.) TIME-OF-USE BASIC
$ $ $ $
168 185 185 197
monthly average monthly average monthly average monthly average
*2,022 *2,215 *2,218 *2,363
annual projection annual projection annual projection annual projection
Learn more Learn more Learn more Learn more
Change price plan Change price plan Change price plan

Figure A.3: Information about a Customer’s Potential Savings from Switching Plans

Note: This figure shows how much a particular SRP customer (Kuminoff) would lose by switching plans
given his household’s consumption history. It was not generated from confidential data provided by SRP.

B Marginal Social Cost of Electricity Generation

Our approach to calculating the marginal social cost of electricity generation is based on
Borenstein and Bushnell (2022) |[henceforth BB2022|. We followed the methods from that
study as closely as possible, drawing on the article’s supplemental appendix and replication
package. The main differences in our approach are that we collected more recent data and
down-scaled their regional analysis to focus on SRP’s service territory within the Southwest-
ern region of the western interconnection section of the US electricity grid. We summarize
our procedures in this section and direct readers to BB2022 for additional background on

the underlying data sources, methods, and institutional features of the US electricity grid.
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B.1 Marginal Private Cost

Our approach to calculating the marginal private cost (MPC) of generation started by
compiling locational marginal price (LMP) data for SRP from the California Independent
System Operator. We used the SRP-specific node DGAP_ SRP APN from the report
PRC_RTPD _LMP for January 1, 2021 through December 31st, 2023. These data describe
the wholesale prices at which SRP traded electricity on the grid at 15-minute increments.
SRP’s locational marginal price reflects its marginal cost of generating electricity plus the
cost of transmission congestion and losses on high-voltage power lines.

Then we aggregated the LMPs by calendar month and hour and multiplied them by an
inflation factor from BB2022 that is designed to adjust for the additional cost of distributing
electricity on low-voltage power lines. Specifically, we extracted the month-by-hour inflation
factors that BB2022 calculated for SRP using data for 2014-2016. We assume that SRP’s
month-by-hour percentage losses on low-voltage power lines were the same during our study
period.

Figure B.2 shows our estimates for MPC by hour and month. Averaging these monthly
data over SRP’s winter, summer, and summer peak pricing seasons produces the top row of

Figure 2.
B.2 Marginal External Cost

Burning fossil fuels to generate electricity emits air pollution as a byproduct of production.
The pollutants include carbon dioxide (C'Os), sulfur dioxide (SOz), nitrogen dioxide (NOs),
and fine particulate matter (PMy5). C'Os contributes to climate change, whereas elevated
exposures to SOy, NO,, and PM,5 are believed to increase human mortality risk. We
estimate the marginal external costs (MEC) of these pollution externalities by down-scaling
the regional analysis in BB2022 to focus on emissions generated from producing the electricity
used by SRP customers.

A key feature of the BB2022 methodology is to account for the spatial transmission of
electricity and air pollution externalities. SRP trades electricity on the western intercon-
nection section of the United States electricity grid. The western interconnection includes

Arizona, Washington, Oregon, California, Idaho, Nevada, Wyoming, Colorado, Utah, and
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Figure B.1: Marginal Private Cost of Generation by Month and Hour (cents/kWh)

Note: Each panel shows our estimate for the marginal private cost of SRP’s electricity generation, averaged
by hour within the corresponding month. The vertical axis is measured as cents per kilowatt hour of

parts of Montana, New Mexico, and South Dakota. This means that some of the electricity

purchased by SRP customers is produced in other states, where it generates local pollution



externalities.

Our procedure for calculating pollution externalities started by using the 2024 release
of the EPA’s Emissions & Generation Resource Integrated Database (eGRID) database to
determine the county in which each fossil fuel power plant is located. For each of these plants,
we compiled data on hourly emissions of C'Oy, SO,, and NO, for 2018 through 2023 from
the EPA’s Continuous Emissions Monitoring System (CEMS) data, which we downloaded
from the EPA’s Clean Air Markets Program Data website: http://campd.epa.gov/.

PMs 5 is not reported in the CEMS data. We addressed this data limitation by following
a procedure that BB2022 adapted from Holland et al. (2016) to estimate plant-specific P M, 5
emissions. First we collected plant-specific data on annual PMs 5 emissions from the EPA’s
2020 National Emissions Inventory. Next, we merged these data with plant-specific measures
of heat input reported by CEMS. Then we calculated an average emissions rate for each plant
by dividing annual PMs 5 emissions by annual heat input. Finally, we multiplied a plant’s
annual average emissions rate by its hourly heat input to estimate its hourly P M, 5 emissions.

We calculated the monetary damages from each plant’s hourly emissions by feeding data
on emissions, plant locations, and smokestack heights into the Pollution Emission Exper-
iments and Policy Analysis Model (release AP3) summarized in BB2022. AP3 converts
emissions into monetary damages in two steps. First, it uses an assumed social cost of car-
bon to monetize climate damages from C'O,. We set the social cost of carbon to $224 per
metric ton (in 2024 dollars) based on the EPA’s latest estimates (US EPA, 2023). Second,
AP3 uses an air dispersion model to predict how emissions of SOy, NOy, and PM, 5 in one
county contribute to ambient pollution in other counties, combined with an epidemiological
model to predict how pollution exposure affects mortality rates, and data on population sizes
and an assumption for the value per statistical life to convert a change in mortality rates
into dollars. We followed BB2022 in using AP3’s default values for NOx, SO2, and PM2.5
damages, converted to 2024 dollars using the CPI.

Next, we aggregated hourly plant-level damages into four geographic regions. We started
by defining three regions that align with the US Energy Information Administration’s (EIA)
subdivision of the western interconnection into California, Northwest, and Southwest areas.

SRP owns power plants in Arizona and New Mexico (which are part of Southwest) and in
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Colorado (which is part of Northwest). We extracted data on all of the SRP-owned plants
from the Southwest and Northwest areas and grouped them into a fourth region that we
call SRP. The purpose for doing this was to account for the potentially tighter integration
of generation at these plants with SRP’s load. We compiled data on hourly load for utilities
located in each of the three EIA regions and for SRP alone.*> These data were originally
collected from EIA Form 930.

To illustrate our approach to estimating external damages, let D,,; denote monetary
damages from aggregate emissions of pollutant p in region r during hour ¢. Equation (B.1)
shows how we model damages as a function of hourly load in that region, hourly load in the
other three regions, s # ¢, and time fixed effects, ¢. The parametric functions f(-) and g(-)
are spline functions that allow the marginal effect of hourly load to vary by quantile of the

load distribution in a given region.

Dprt — f(lr,t; ﬂ) + g(ls,t; 7) + ¢prt + 6prt (B1>

We follow BB2022 in stacking the data over all pollutants and regions, taking 24-hour dif-
ferences prior to estimation, and clustering by date. Taking 24-hour differences purges the
fixed effects, and stacking the data to estimate all model parameters simultaneously ensures
that standard errors account for correlations across regions and pollutants. Finally, we pa-
rameterized the spline functions by using quintiles of the load distribution, and verified that
our results were broadly robust to marginally increasing or reducing flexibility.

Table B.1 shows our pollutant-specific estimates for the marginal external damage per
megawatt hour of SRP load. We applied these coefficients to hourly data on SRP load to
measure hourly damages throughout our study period. Then we applied the inflation factors
from BB2022 to account for distribution losses. Finally, we calculated the month-by-hour
specific measures of MEC shown in Figure B.2. Averaging these monthly data over SRP’s

winter, summer, and summer peak pricing seasons produces the middle row of Figure 2.

45We subtract SRP’s load from the Southwest region where its service territory is located.
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Figure B.2: Marginal External Cost of Generation by Month and Hour (cents/kWh)

Note: Each panel shows our estimate for the marginal external cost of SRP’s electricity generation, averaged
by hour within the corresponding month. The vertical axis is measured as cents per kilowatt hour of
generation.



Table B.1: Marginal External Damages from SRP Load ($ per mWh)

Fine Particulate
load quintile Carbon Dioxide Nitrogen Dioxide  Sulfer Dioxide

Matter

1 37.42 1.65 0.58 2.56
(12.76) (0.45) (0.19) (0.95)

2 72.49 1.03 0.86 0.48
(10.36) (0.54) (0.15) (1.14)

3 70.29 0.80 0.87 1.37
(8.95) (0.33) (0.12) (1.01)

4 52.61 0.82 0.77 0.61
(6.25) (0.28) (0.09) (0.73)

5 20.75 0.64 0.37 0.50
(1.45) (0.05) (0.03) (0.06)

Note: The table reports regression coefficients and standard errors from local linear regression of pollutant-
specific damages on quintiles of SRP load. The parameters are estimated simultaneously with three other
generation areas: California, the Northwest, and the Southwest excluding SRP. Coeflicients for non-SRP
areas are supressed for brevity. Standard errors are clustered by date.

Winter Season Summer Season Peak Summer Season

35
30 . .

mmmarginal social cost

mmarginal pollution cost
25

marginal generation cost
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Figure B.3: Marginal Social Costs of Generation and Average TOU Price (cents/kWh)

Note: The grey area shows the marginal private cost of generation, averaged by hour within each pricing
season. The blue area shows the marginal external cost of pollution. Adding them yields the marginal social
cost, shown as a black line at the top of each panel. The dotted line is the average hourly time-of-use price,
calculated over the 2-8pm, 3-6pm, and 4-7pm plans, weighted by enrollment.
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C Counterfactual Bill Calculator

We use the smart meter data, plus the rate books and tax data, to compute counterfactual
bills for households if they switched to other plans. We describe in this section the data

sources for these components and how we validate our bill calculator.

SRP Rate Tables We determined the fixed cost and marginal cost of consumption on each
electricity price plan using SRP’s rate books. The first set of rates was active from April
2015 through April 2019. The Second set of rates was active from May 2019 through the

end of our study period.

Salt River Project Agricultural Improvement and Power District, "Standard Electric

Price Plans: Prices Effective with the April 2015 Billing Cycle". Technical Report. 2015.

Salt River Project Agricultural Improvement and Power District, "SRP’s Standard Elec-
tric Price Plans Effective with the May 2019 Billing Cycle". Technical Report. 2019.

Tax Rates for Electricity Data on state, county, and city tax rates for electricity were
drawn from the Arizona Department of Revenue’s “Transaction Privilege and Other Tax Rate
Tables" effective April 1, 2023. The combined tax rate for the state of Arizona and Maricopa
county was 6.3% throughout our study period. The vast majority of households in our data
live in Maricopa county, which includes almost all of the Phoenix Metropolitan Area. Tax
rates for other counties varied by no more than four tenths of a percentage point. City taxes
varied from 0% to 4%. The data can be found here: https://azdor.gov/business/transaction-

privilege-tax /tax-rate-table

Bill calculator validation We validate our bill calculator by comparing its predictions
against data from SRP on each household’s consumption and expenditures from May 2022
through April 2023. Correlation coefficients between predicted and observed measures of

consumption and expenditures are 0.991 and 0.985 respectively.*t

46 A univariate regression of actual expenditures on predicted expenditures yields an R? of 0.97 and a slope
coefficient of 1.05. It makes sense for our slope coefficient to exceed one because our predicted bills exclude
ad hoc fees that we do not observe, including fees for service establishment, returned payments, field visits,
high-bill audits, theft investigation, replacement of customer-damaged equipment, and late payments.
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D Additional Descriptive Evidence

D.1 Summary Statistics

Figure D.1a shows average monthly electricity consumption per household and Figure D.1b
shows the associated expenditures. The shapes of the curves reflect cooling costs. The
average household uses 2.6 times as much electricity in July as in November, and its July
bill is 3.3 times its November bill. The July-to-November billing ratio is higher than the

consumption ratio becuase prices are also higher in the summer.
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Figure D.1: Average monthly electricity consumption and expenditures

SRP obtained household demographic data from an external contractor. Table D.1 re-
ports additional summary statistics for the households enrolled in each plan. Households

in the pre-pay plan have substantially lower credit scores.*”

This is consistent with their
relatively lower incomes (Table 1). They are also less likely to be over age 65 and more likely
to have created online accounts with SRP.

Overall, 72% of households have online accounts. This enables them to get monthly
billing statements by email, pay bills online, and log in to check their consumption history.
Households on the pre-pay plan can also use their online accounts to monitor their account
balances and deposit money as needed using a plan-specific app.

The last row of Table D.1 shows the fractions of households in each plan who opted in

to SRP’s “bring your own thermostat" demand response program (BYOT). Enrollees receive

4TThe 85% of households that we code as having satisfactory credit all having ratings of “preferred"
or “satisfactory" in the credit score shared by SRP. The other 14% of households have ratings of “slow",
“unsatisfactory", “cash only", or “new".
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All plans block rate fixed rate  2-8pm TOU 3-6pm TOU 4-7pm TOU

market share (%) 100 56 3 17 23 1

# monthly bills 261,331 146,084 8,081 45,667 58,816 2,683
satisfactory credit (%) 85 87 21 91 85 88
over 65 (%) 31 34 9 35 21 29
online account (%) 72 66 91 72 85 78
BYOT (%) 6 4 2 9 11 8

Table D.1: Summary Statistics by Plan

Note: The table reports summary statistics by price plan. An observation is a household-month.

an initial lump sum payment for participating ($50 per smart thermostat) plus a bill credit
of $25 per thermostat at the end of each summer season. In exchange, SRP is able to adjust
their thermostat settings for a few hours during up to 15 peak demand days during the
summer months. Customers receive advance notice of each event and have the ability to
override temporary changes that SRP makes to their thermostats if the changes cause them
discomfort. Thus, the program allows SRP to reduce peak demand by raising thermostat
settings of households who are not inconvenienced by the adjustments, for example, because
they are not at home.*®

We exclude the BYOT program from our bill calculators because we lack data on the
history of peak demand events. There is minimal scope for this to affect our findings because
peak demand events are rare, the fraction of households participating is low (6%), and the
program incentives are neutral to plan choice. Nevertheless, the heterogeneity in participa-
tion rates across plans is notably consistent with higher rates of smart thermostat ownership

among households in TOU plans.
D.2 Additional Descriptive Evidence

Figure D.2 summarizes our estimates for how households who selected into each TOU plan
responded to hourly price changes on peak pricing days of each pricing season.*® As in
Figure 3a, we highlight heterogeneity by reporting mean responses for deciles of consumers,

ranked by the average estimated response during peak hours. The figures show substantial

48Blonz et al. (2024) evaluates a similar program that automates thermostat settings to adjust to time-of-
use pricing.
49The noisier estimates for the 4pm-7pm plan in the middle row reflect its smaller enrollment share.
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heterogeneity in responsiveness. Most households do not adjust consumption substantially.
However, the top deciles reduce consumption during peak hours. During summer months,
some consumption is shifted to off-peak hours, especially after peak pricing periods end.

In comparison to the two superpeak plans, consumers in the standard TOU plan shift
less load to off-peak periods. This may be partly explained by the fact that it is driven by
a relatively smaller price increase, as shown in Figure 1. For the most responsive decile in
the Standard TOU plan, consumption drops sharply at the start of the on-peak period and
then trends up as the period continues. This suggests that the disutility of load-shifting may
increase with the distance over which load is shifted. For example, as indoor temperatures
rise further above a household’s bliss point we expect its marginal utility of air conditioning
to increase.

Figure D.3 plots plan-by-season mean load curves for households that we define as TOU-
responsive and TOU-unresponsive based on paired-sample t-tests described in section 4.1.
Each panel shows kilowatts on the vertical axis and hour of the day on the horizontal axis.
The curves are based on data for peak pricing days only (i.e. weekdays, excluding holidays).

Figure D.4 plots plan-specific mean load curves during the peak summer pricing season
for TOU-responsive and TOU-unresponsive households. Each panel shows kilowatts on the
vertical axis and hour of the day on the horizontal axis. The curves in the left column are
based on days when peak pricing rates were applied (i.e. weekdays, excluding holidays).
The curves in the right column are based on days when peak rates were not applied (i.e.

weekends and holidays).
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Figure D.2: TOU responsiveness by plan and season
Note: Each panel shows the estimated household response to TOU pricing for a particular plan and pricing

season. Each curve corresponds to a decile of households, ranked by the size of the estimated shift during
peak hours. Dotted vertical lines delineate peak hours.
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Figure D.3: Load curves by season and responsiveness to TOU pricing
Note: Each panel shows weekday load curves for a particular TOU plan and pricing season. Vertical axes

measure the load in kilowatts. Horizontal axes measure the hour of the day. Solid lines show the mean load
for TOU-responsive households. Dashed lines show the mean load for TOU-unresponsive households.
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Figure D.4: Load curves by peak day and responsiveness to TOU pricing

Note: Each panel shows load curves for a particular TOU plan during the peak summer pricing season. The
left column panels show days when peak rates were applied. The right column panels show days when peak
rates were not applied. Vertical axes measure the load in kilowatts. Horizontal axes measure the hour of the
day. Solid lines show the mean load for TOU-responsive households. Dashed lines show the mean load for
TOU-unresponsive households.
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E Additional Model Details
E.1 First-order-conditions

TOU-responsive households For the TOU-responsive households, the first-order-conditions
are (noting that we replace ¢’ with h as the index of the summations to differentiate it from

the period ¢’ the load is being shifted to):

Vimwt — Qijmwt — Eh;ﬁtsijmwth = WiPjimuwt [Qijmwt] (El)

!
Vimwt — Qijmwt — Zh;étsij’rrw}th = WiPjimwt/ + widimtt’(sijmwtt’) [Sijmwtt’] (EQ)

Note that the above equations have different prices on the right-hand-side (the first equation
uses the price at time ¢, the second equation uses the price at time t'). Manipulating these
first order conditions and comparing ¢ within a TOU period and #' outside it provides the

following equations which we later use for identification and estimation:

(Vimwt - Vimwt’) - (Qijmwt - Qijmwt’) - Zh;zétSij'rruwth - wi(pjmwt - pjmwt’) (E3>

;mtt’(sijmwtt’) = Pjmwt — Pimuwt’ (E.4)

TOU-nonresponsive households The first order condition for TOU-nonresponsive house-

holds is:

Vimwt — Qijmwt = wipijm [Qijmwt] (E5>

Note that we do not incorporate feedback effects on the average price in this equation (i.e.
Dijm 1s technically a function of ¢jjmee). The reason is that these effects are small and so
do not have a first order impact on consumer choice. Concretely, they correspond to how
a change in consumption in a particular 15 minute interval affects the average price in a

month (which is constructed from numerous (2880) such intervals).
E.2 Computational algorithm

TOU-responsive households Here we set out how we compute the equilibrium consump-

tion gjjmue and load shifting s;j,u. We compute separately weekdays and weekends for
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each month, since the household’s problem is separable across days. A challenge is ensuring
that ¢;jmw > 0 given the total amount of load shifting from that period i.e. ensuring that
the amount of load shifted is not so high that consumption in that period is negative.”® For

each household :

k

1. Initialize a guess at iteration k = 0 of qumwt and S -

2. Within the TOU period, get the total load shifted at each ¢ in a peak period to a
non-peak period ¢’ in the following way (using the first-order-conditions):
jrfjmqytt’ - pjmwt - pjmwt’

- (@103'(2') + Baom + Bai[tmidpoins — '] + Ba21[t” in 9-5pm] + Bdin) (E.6)

k+1 _ 1 ~k
xijmwtt’

Siimuwtt! = @ ( — Penaltyfjmwt) (E.7)

Here Penaltyfjmwt = u(e/ qumwt) + (1 —p)(er/ qu;llwt). This term reduces load shifting

smoothly as qumwt — 01i.e. when consumption in a period is close to its bound. We also

include a dampening weight term ¢ = 0.05 to assist with convergence across iterations.

Note: we set €1 to be very small and so the penalty term is typically second order. As
€1 — 0 the penalty term is eliminated completely. Therefore, we check what happens if
we set it to an order of magnitude lower (1/10)e; and the results are almost unchanged,
illustrating that our results are robust to the choice of this tuning parameter. The
penalty term is most useful for ensuring numerical convergence in (i) regions of the
parameter space far away from the current parameters (ii) occasional cases where one

of our thousands of consumers get very low draws of bliss points.

3. Get the update of consumption (using the first-order-conditions):

qf]ﬂwt = SmoothBound (Vimwt — WiDjmuwt — Ehit‘g?jmwth) (E.8)

Here, SmoothBound(z) = 0.5240.5v/ 22 + €5. Note that as e, — 0 then SmoothBound(z) —

50Typically, this constraint is far from binding. However, there are edge cases that can cause numerical
issues: regions of the parameter space far away from the estimated parameters, and occasional cases where
one of our thousands of consumers get very low draws of bliss points.
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0.5z 4+ 0.5|z] = max{0,z}. Therefore, we check what happens if we set €, to an order
of magnitude lower (1/10)ey and the results are almost unchanged, illustrating that
our results are robust to the choice of this tuning parameter. Again, this is most useful
for ensuring numerical convergence in (i) regions of the parameter space far away from
the current parameters (ii) occasional cases where one of our thousands of consumers

get very low draws of bliss points.

Note that Eh#s’? = 0 if t is outside a peak period. Also note that we use a

igmuwth

k+1

‘dampened’ update to ¢;,,,,, in practice for numerical reasons.

If it is too large, continue

o k+1 k
4. Compute the convergence criterion max |Gt — Qijmwt]-

again from Step 2.

TOU-non-responsive households The algorithm for these households is similar to the
above, except: (i) we skip Step 2 (since there is no load-shifting i.e. s;jmuw = 0) (ii) we solve
for weekdays and weekends jointly in each month, and include an extra outer loop where
we update the monthly average price for each consumer given the current iterations of their

consumption choices on weekdays and weekends.
E.3 Formal details on identification

Identifying the marginal value of income w; More formally, consider the difference in
consumption just before and after a TOU price increase. Denote the pre-period by [ and the
post-period by h to indicate a low or high price. Then, focusing on a single individual and
suppressing the model’s 7, w, m subscripts to simplify notation, the difference in consumption

can be written as:

(@ + Xz si) — (qn + Bwgnswn) = (Vi — va) + wpn — wpr + S sin (E.9)

= w(pn — m) + S S11, (E.10)

The right-hand-side of Equation (E.9) follows from inverting the first-order optimality con-

1

dition that v, — ¢ — Yyssw = wpe.”! Equation (E.10) follows from our assumption that

5For the I period, since no load is shifted away, this optimality condition is v; — ¢; = wp;. For the h
period, this optimality condition is vy, — gn — Xp/2p Sk = wpp. For expositional clarity we assume that the
nonnegativity conditions do not bind in these periods.
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v; = vy, just before and after the sharp price change. Note that X,y sy, the total load shifted
to period [, can be directly constructed from the data using the load-shifting estimator in
Section 4.1. Therefore, the only unknown component is w.

Bliss points can then be identified at the consumer level for every 15 minute interval
during the day. Formally, rewrite the first-order-condition with respect to ¢; yields v, =
¢t + Xy 5 + wpe. All three terms on the right-hand-size are known or can be constructed

from the data.

Identifying the plan choice parameters Consider a consumer who chooses between their
current (default) plan, j, and two alternatives, 5 and j”. The probability of switching to j’
equals the probability of receiving an attention shock (triggering the consumer to reconsider

their prior plan choice) times the conditional probability of choosing to switch:

exp(Vy /o)

Plowiteh J = 7 = 05 o + 1 = F7)/o)

(E.11)

Comparing the probabilities of switching to 7' and j” identifies the o, parameter such
that In(P(switch j — j')) — In(P(switch j — j”)) = (1/0.)(V} — Vj»). Intuitively, since we
know Vj and Vj», and observe switching probabilities in the data, o, indexes the degree to
which consumers choose their best option conditional on switching.

Comparing the probabilities of switching out of different default plans identifies inertia
() separately from attention (a). This variation could arise at the consumer level from the
data’s panel structure, after controlling for factors that shift the consumer’s attention over
time (e.g. exploiting variation across years within a particular month).”? Intuitively, if we
observe the same consumer choosing from the same plans when they are enrolled in different
default plans — all else equal — that induces variation in how choices are distorted by inertia,

while keeping the probability of an attention shock fixed. More formally, consider the same

52 Although these arguments are at the consumer i level, in practice the data also contain observationally
identical consumers who are enrolled in different default plans in the same month.

66



consumer in different plans, and compare the switching probabilities in the following way:

P(switch j — j) — P(switch j' — j')
P(switch j" — 7)

— ox Vi—=Vi+n ' Ypexp(Vi + 10" = klv) /o) o Vi —=Vi+q
- p( o ) S exp((Vi + 11 = K7)/oe) p( o ) (E.12)

The expression to the left of the equality is data, and the expression to the right is known
up to 7, so it is identified. The attention parameter can then be recovered by matching
the observed probability of any choice, given the remaining parameters. Intuitively, we can
think of lowering a from a = 1 (full attention) until the model matches the probability of
switching between j and any other j' # j.

E.4 Externally Estimated Parameters

We estimate the parameters governing price sensitivity for the average price responsive con-
sumers outside the model. To do so, we focus on households that switched plans across
years and determine how their monthly consumption varies for a change in average price.
The rational for focusing exclusively on plan switchers is that, in a given calendar month,
households that do not change plans face very little variation in average prices across years
since the price schedules are fixed throughout our study. Therefore, only households that
actively switch plans will face meaningful changes in monthly average prices.

Our estimation strategy is based on the observation that, manipulating the first order
conditions in Appendix Section E.1 for TOU non-responsive consumers and assuming that
the bliss points are comparable before and after the switch (which is justified by time and

household controls):

Qijmuwt — Gij'muwt = Wi(Dij'm — Dijm) (E.13)

Where j is the plan before the switch, and 5’ is the plan after the switch.

After limiting the sample to households that are not responsive to TOU pricing, that

have switched plans in the same calendar month across years, and were initially in a TOU
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Table E.1: TOU non-responsive consumer price sensitivity

(1)

Py -1.967
(0.934)
P my X 4-7 pm plan 4.464™
(0.954)
_i,m,y X 2-8 pm plan 2.357**
(0.589)
Py, X income -22.163***
(7.642)
Py, x HH size -0.727*
(0.392)
Constant 0.909™**
(0.042)
Overall adjusted R-squared 0.92
N 2693

Note.— Standard errors clustered at the household level.
“(p< 1), (p<.05),"* (p<.01)

plan, we estimate the following regression:

Ci,m,y = BO—I—/Blf_)i,m,y + BQPi,m,y X Superpeak 4pm - 7pm7,

+ B3 Pimy x Standard TOU; + B4P;m,y % Income;
(E.14)

+ 55]51-7m7y x Household size; + p; + Uy + ¢y + i,

+ Ty + Eiym,

where C; ., is household i’s electricity consumption (in kWh) for calendar month m in year
y rescaled to correspond to a 15-minute interval of the model (i.e., divided by 30 days x
24 hours x 4 intervals); P,,,, is the average price for a kWh of consumption; Superpeak
dpm — Tpm and Standard TOU are indicators for whether household ¢ was enrolled in
either of those plans at the start of the sample period (with the Superpeak 3pm-6pm plan
being the base plan); Income is household i’s income level, which is divided into bins;
Household size is the number of members in the household; p;, ¥, @y, 0im, and m,,, are

household, calendar month, year, household-by-calendar month, and calendar month-by-year

fixed-effects, respectfully.”® Table E.1 presents the results.

3To make sure that the elasticities generated from Equation (E.14) are comparable to the model estimated
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The coefficient estimates presented in Table E.1 are converted into the relevant model
parameters, which are included in Tables 3 and E.3 under “Loss function (,,), TOU non-

responsive".

E.5 Additional moment construction details

To estimate the plan choice parameters we follow Hortagsu et al. (2017) in minimizing a

vector of moments of the following form

where N](f ) is the number of households that switch from plan k£ to plan j in month ¢, \ ](f )
is the predicted number of switchers, and Nt(k) is the total number of households enrolled in
plan k£ in month £. This denominator aims to down-weight moments with larger variance.
We also include moments designed to help match aggregate switching trends and to
identify heterogeneity in attention and inertia. The first additional set of moments we try to
match are the total number of plan switches each month.>® Next, to identify heterogeneity
in the first stage of the model, we also match overall switching patterns across plans by

observable characteristics. Specifically, we construct a vector of moments of the following

form:

where C' denotes a specific observational household characteristic (e.g., income, household
size, or initial plan); C’](k) is the mean of C' for households that switched from plan k to plan
J over the entire sample period; é’;k) is the model predicted mean of C' for k to j switchers;
and N® is the average number of households enrolled in plan k over the sample period.
We limit the window of observation to January 2020 and April 2023 for all choice plan

moments.

counterparts for TOU-responsive consumers, we treat income bins as continuous and divide them by 100000.
Similarly, we treat the household size variable as continuous.

%4Though the inclusion of these moments is somewhat redundant, we view it as important to effectively
replicate these aggregate switches for our counterfactual simulations. For some reason, relying only on the
7 vector of moments pushes the model to severely under-predict monthly switches.
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E.6 Model outputs

Table E.2: First-stage Model Results

Panel A: Attention Parameters ‘ Panel B: Choice Parameters
Parameter Coef. SE ‘ Parameter Coef. SE
Constant -10.577  (1.032) | Incumbent plan dummy 4.343 (0.229)
Income 1.394  (3.869) | Incumbent plan x:

Household size 1.173  (0.175) Income 0.370 (0.764)
Initial plan dummies: Household size 0.659 (0.037)

4-7 pm plan 1.793  (0.521) Init. 4-7 pm plan 4.547 (0.241)

2-8 pm plan 0.108  (0.555) Init. 2-8 pm plan 2.380 (0.902)
Month dummies: Logit error scale (o) 0.007 (0.002)

February -0.245  (0.645)

March 0059 (0.214)

April 0.449  (0.490)

May 1.545  (0.478)

June 2.232  (0.480)

July 2.428  (0.482)

August 2.354  (0.474)

September 2.284  (0.471)

October 1.363  (0.410)

November 0.965 (0.517)

December 1.126  (0.527)

Note: This table reports results from the plan choice model presented in Section 5.2 estimated via GMM.
Parameter estimates are reported with bootstrapped standard errors in parentheses.
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Table E.3: Daily Consumption Model Results

Parameter Coef. SE ‘ Parameter Coef. SE

Load shifting disutility (5,) Loss function (f8,), TOU responsive
Duration (841) 0.057 (0.034) | Demographics:
9am-5pm (S542) 5.884 (1.908) Household size 0.202 (0.107)

Demographics: Income 0.786 (0.523)
Household size 0.0003  (0.00016) | Initial plan choice:

Income -0.003  (0.002) 3-6 pm plan 4.522 (1.654)

Initial plan choice: 4-7 pm plan 2.712 (1.043)
3-6 pm plan 0.008 (0.004) 2-8 pm plan 6.470 (2.471)
4-7 pm plan 0.014 (0.005) | Loss function (f3,), TOU non-responsive
2-8 pm plan 0.005 (0.002) | Demographics:

Month intercepts: Household size 2.694 (0.666)
May 0.002  (0.001) Income! 24130 (7.762)
June -0.004  (0.002) | Initial plan choice:

July 20.003  (0.001) 3-6 pm plan 1.967  (0.934)

September -0.0001  (0.00002) 4-7 pm plan' -2.497  (0.732)

October 0.005 (0.002) 2-8 pm plan’ -0.389 (0.507)
TOU-responsive bliss points: TOU-unresponsive bliss points:

Draw std. dev. (o) 1.257 (0.033) | Demographics:

Demographics: Household size -0.018 (0.006)
Household size 0.254 (0.083) Income 12.667  (0.777)
Income 8.739 (3.803) | Initial plan choice intercepts:

Initial plan choice intercepts: 3-6 pm plan -0.067 (0.015)
3-6 pm plan -0.987  (0.427) 4-7 pm plan -0.297 (0.138)
4-7 pm plan -1.030  (0.468) 2-8 pm plan -0.278 (0.110)
2-8 pm plan -0.817  (0.549) | Month intercepts:

Month intercepts: January 0.056 (0.076)
January -0.227  (0.104) February 0.018 (0.023)
February -0.142  (0.060) March 0.019 (0.005)
March 0.338  (0.088) April 0230 (0.059)
April 0.206  (0.078) May 0.044  (0.043)
May 0.175 (0.074) June -0.607 (0.214)
June 0.864 (0.214) July -0.632 (0.220)
July 1.090  (0.222) September 0.106  (0.032)
September -0.247  (0.094) October 0.283 (0.057)
October -0.083  (0.036) November 0.188 (0.009)
November -0.275  (0.076) December -0.178 (0.067)
December -0.063  (0.028)

Mean-preserving spread parameters:

3-6 pm plan, flatten  0.922 (0.252)
4-7 pm plan, flatten 0.990 (0.370)
2-8 pm plan, flatten 0.944 (0.335)

Note: The table reports results from the structural model of daily electricity consumption presented in
Section 5.1 estimated via SMM. Parameter estimates are reported with bootstrapped standard errors in
parentheses. 1 indicates externally calibrated parameters. See Appendix E.4 for more details.
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Table E.4: Moments: second stage, time-of-use responsive consumers

Model Data Model Data
A Consump. peak—off Av. consump./hr
Mean A: Mean:
2-8pm plan, August 1.34 1.35 2-8pm plan, August 3.16 3.14
4-7pm plan, August 1.27 1.33 4-7pm plan, August 2.90 2.91
3-6pm plan, August 2.16 2.22 3-6pm plan, January 1.36 1.31
Corr(A, income): 3-6pm plan, February 1.32 1.28
3-6pm plan, August 0.30 0.30 3-6pm plan, March 1.18 1.09
Corr(A, hhold size): 3-6pm plan, April 1.44  1.42
3-6pm plan, August 0.20 0.20 3-6pm plan, May 1.98 2.06
Load-shift 3hr post-peak 3-6pm plan, June 2.78 3.49
Mean: 3-6pm plan, July 3.12 3.90
2-8pm plan, August 3.35 3.35 3-6pm plan, August 297 277
4-7pm plan, August 2.25 2.25 3-6pm plan, September 2.48 2.23
3-6pm plan, May 1.71 1.71 3-6pm plan, October 1.52 1.46
3-6pm plan, June 4.96 3.85 3-6pm plan, November 1.20 1.16
3-6pm plan, July 5.69 4.75 3-6pm plan, December 1.37 1.43
3-6pm plan, August 3.75 3.74 Std. dev:
3-6pm plan, September 2.40 2.46 3-6pm plan, August 1.40 1.40
3-6pm plan, October 091 0091 Corr(cons., income):
Corr(shift, income): 3-6pm plan, August 0.47 041
3-6pm plan, August 0.15 0.15 Corr(cons., hhold size):
Corr(shift, hhold size): 3-6pm plan, August 0.31  0.35
3-6pm plan, August 0.03 0.02 Max-min consump.
Load-shift 3hr pre-peak Mean:
Mean: 2-8pm plan, August 2.53 2.54
3-6pm plan, August 2.09 2.38 4-7pm plan, August 2.60 2.61
Load-shift to 11am 3-6pm plan, August 2.64  2.58
Mean:
3-6pm plan, August 0.00  0.00
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Table E.5: Moments: second stage, time-of-use non-responsive consumers

Model Data Model Data
Av. consump./hr Av. consump./hr

Mean: Mean:
2-8pm plan, August 3.16 3.4 3-6pm plan, October 1.52 1.46
4-7pm plan, August 2.90 2.91 3-6pm plan, November  1.20 1.16
3-6pm plan, January 1.36 1.31 3-6pm plan, December  1.37 1.43
3-6pm plan, February 1.32 1.28 Std. dev:
3-6pm plan, March 1.18 1.09 3-6pm plan, August 1.40 1.40
3-6pm plan, April 1.44 1.42 Max-min consump.
3-6pm plan, May 1.98 2.06 Mean:
3-6pm plan, June 2.78 3.49 2-8pm plan, August 2.53 2.54
3-6pm plan, July 3.12 3.90 4-7Tpm plan, August 2.60 2.61
3-6pm plan, August 297 277 3-6pm plan, August 2.64  2.58

3-6pm plan, September  2.48 2.23

Figure E.1: Model fit on untargeted moments
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Empirical moment

Note: This figure shows the model’s fit to the max-min consumption moment for every month, across the
three TOU plans, except August. These moments are not targeted in estimation. We use them to test
whether the model is able to capture how daily consumption patterns evolve during the year. The results
show a close fit between the model-based predictions and the untargeted empirical moments.
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Table E.6: Menu design counterfactuals: equity implications

Consumer surplus change vs baseline menu
(dollars/year/consumer)

Low-income High-income
First best:
No choice -152.2 -306.3
Choice + inattention, inertia -138.0 -246.3
Choice + inertia -34.5 -94.5
Max. utility -31.4 -91.8
Menu designs:
Base plans + optimize:
1 peak/off TOU plan 27.8 -33.3
2 peak/off TOU plans 35.0 -26.2

Note: This table splits up the aggregate consumer surplus into high-income (above median income) versus
low-income (below median income). Note that the split is not exact (i.e. there is not exactly 50% of
consumers in each type) because income is discretized. Therefore, the mean of the low-income and high-
income numbers does not quite equal the aggregate change numbers, but it is still informative. Overall,
the table shows that the optimal menu design is also slightly progressive with low-income consumers doing
better, alleviating equity concerns.
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