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1 Introduction

Electricity markets are inefficient. Consumers often pay a constant 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). Since

the Pigouvian solution of setting the real-time price to its marginal social cost is typically infeasible,

utilities often sell electricity though a form of second-degree price discrimination.1 They offer

consumers a choice from a menu of time-constant price plans as well as ‘time-of-use’ plans that

charge a higher price during a predetermined interval when costs are usually high. Offering menus

is widespread with 30 of the 50 largest US utilities offering multiple time-of-use and time-constant

price plans.2 These 30 utilities serve approximately 50 million households comprising nearly 40%

of the US population.

In theory, when consumer types are private information, offering a menu can 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’ consumption 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 time-constant plans) and choice frictions (e.g. consumers who are inattentive

or misunderstand plan incentives). This challenge makes the menu design problem an application

of the theory of the second best, where correcting one distortion — for example, by setting price to

approximate 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, choice frictions, and realistic design constraints. Our new framework

accommodates consumer selection into plans on multidimensional heterogeneity, choice frictions,

1Real time pricing is difficult to implement because consumers tend to be inattentive to frequent price changes
(Fabra et al., 2021). Moreover, mandating real-time pricing is typically politically infeasible.

2Appendix Table A.1 summarizes the menus offered by the 50 largest US utilities. In addition, time-of-use pricing
is used around the world including Canada, the UK, China, France, Spain, and Italy (Brattle Group, 2021).
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and high-frequency decisions for utilization and intertemporal shifting. It also accommodates

constraints on menu design, such as requirements to offer time-constant price plans.

We apply our model to data on a random sample of eight-thousand households from a large

utility in the United States. We observe each household’s demographics, price plan enrollment and

switching, and consumption in 15-minute intervals for five years.3 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 counterfactual 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 quasi-experimental design that leverages longitudinal and cross-sectional

variation in prices. 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 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 a model in which consumers 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).

3These households 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.
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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 substantial 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. Allowing for flexible bliss point heterogeneity is critical to capturing

the presence of “structural winners” in counterfactual plan designs: for example, consumers who

desire a flatter load shape may benefit from switching to TOU plans without changing their behavior.

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 they become relatively

inattentive to the menu.

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. Remarkably, this benefit is smaller than consumers’ adjustment 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.4 We find that this would decrease welfare by exacerbating inefficient 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
4For example, the intervention could be an information treatment or a policy that endows consumers with “smart

thermostats” that lower the cost of responding to marginal prices.
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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? We start with a hypothet-

ical ‘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 by $50.1 per consumer/year. While the environment and the utility benefit, consumer

welfare declines by $218.9 per consumer/year. 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 ‘first-best’ social welfare gain by more than half.

Finally, we solve for the second-best optimal menu. We solve for TOU peak hours and on- and

off-peak prices that maximize social welfare, subject to the constraint that the two non-TOU plans

are still offered, consumers choose optimally, and changes to the menu are at least budget neutral for

the utility. The second-best optimal menu balances within-plan incentives that induce load-shifting

and load-shaving with across-plan selection incentives, incorporating institutional constraints and

behavioral consumers. 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 1-8pm. This achieves almost 80% 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 TOU plans slightly benefit consumers, but yield 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 preferences for

intertemporal substitution (and allow selection into plans on both dimensions). This distinction is

crucial to solving the menu design problem and a substantial departure from prior work on electricity

markets (e.g. Hanemann, 1984; Hausman, 1985; Reiss and White, 2005; Ito et al., 2023). It also

differentiates our study from prior research on how consumers incrementally choose price schedules

and consumption quantities for health insurance, cell phone service, and other products (e.g. Einav
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et al., 2013, 2021; Handel, 2013; Grubb and Osborne, 2015; Lin and Sacks, 2019; Marone and

Sabety, 2022; Abubakari et al., 2024). In addition, our framework incorporates aspects of consumer

behavior that were identified by experimental studies of electricity pricing, and shows how they

interact to affect optimal menu design. These include inattention and default bias (Sallee, 2014;

Jessoe and Rapson, 2014; Hortaçsu et al., 2017), selection 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 with

multiple time-constant and TOU price schedules. Such menus represent the way that many utilities

sell electricity. Consumers in our setting choose from five plans, where the three TOU 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 TOU plans, differentiating our study from experimental studies that examine binary choices

between a time-constant plan and a TOU plan (Ito et al., 2023; Fowlie et al., 2021).

Finally, we evaluate the extent to which harnessing our knowledge of optimal menu design in

practice can deliver on its theoretical promise to increase social welfare. While our counterfactual

analyses are tailored to a particular utility, our algorithm for optimizing menu design is broadly

applicable to other utilities and markets where consumers sort over multiple price schedules. Our

approach builds on prior studies that examined how price schedule design for electricity affects

market outcomes when consumers are assigned 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 approach is

also applicable to 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 2.5 million people in the Phoenix, Arizona metropolitan area. Unlike some parts of the

United States where the electricity market has been deregulated (e.g. Texas (Hortaçsu et al., 2017)),
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retail electricity providers in Arizona do not directly compete. Instead, households in Phoenix are

assigned to a single electricity provider based on their residential locations and must choose from

the range of plans offered by that utility.

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 growing share of generation from solar and other renewable sources.

SRP has been a pioneer in time-varying 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. During our study period,

more than 99% of SRP customers had smart meters and the option to enroll in multiple TOU plans.

SRP has several 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.5 Its specific sustainability goals for 2035 include reducing the CO2 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.

It is challenging to design a menu of price plans that efficiently weights multiple objectives. In

practice, utilities often take a trial-and-error approach or use heuristics, in contrast to the systematic

framework developed in this paper. Specifically, utilities iterate toward menu improvements by

piloting experimental plans (Faruqui et al., 2020). For example, SRP’s most popular TOU plan

was originally designed to “explore the efficacy of providing a stronger price signal during a fewer

number of hours” (SRP, 2009)). SRP also piloted two other experimental TOU plans, adopted one

and discontinued the other. Further, cost changes — such as increased solar generation shifting

peaks to later in the day (SRP, 2024) — imply that peak hours and prices may need to be revised to

maintain efficiency. Our framework addresses these challenges by providing a structured way to

simulate consumer behavior over a large space of potential menus.

5For 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).
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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: Plan-specific Prices by Hour of Day and Season

(a) 2-8pm TOU
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(b) 3-6pm TOU
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(c) Block Rate
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(d) Flat Rate
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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.

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,
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and October) to the peak summer season (July and August).

SRP offers three TOU plans that raise price during weekday on-peak hours.6 We refer to each

plan by its summer on-peak hours. Figure 1a 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 4-7pm 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 plan, after setting one

of the two plans as the default (Fowlie et al., 2021; Ito 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

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.

After choosing a plan, a customer can open an online account to monitor their hourly consump-

6All weekends and the following holidays are excluded: New Year’s Day, Memorial Day, Independence Day, Labor
Day, Thanksgiving Day, and Christmas Day.
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tion 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 A presents images of the plan

choice process and online account information.

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.7 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.8

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 4.2.9 Appendix

C provides supporting details for our bill calculator and evidence that it predicts actual expenditures

almost perfectly (e.g. ρ = 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.10 Finally,

we exclude March 2020 through April 2021 during which Arizona’s social distancing policies

temporarily changed residential electricity demand.

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 households opened

7As 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.
9Our model and counterfactuals allow for consumption to change when households switch plans.

10These 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.
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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.11 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 example,

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.12

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.

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.

11Appendix Figure E.1 shows monthly variation in consumption and expenditures.
12Appendix E.1 provides additional information on household demographics.

10



We start by compiling locational marginal price data for SRP from the California Independent

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 multiply 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
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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 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
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source of generation. Adding private and external costs yields the social cost curves shown in black

at the top of each panel.

When we use the private and external cost curves in evaluating welfare effects of counterfactual

menus (Section 8) we also allow their shapes to vary across months within each pricing season.13

In our main specification we hold the counterfactual shapes of those curves fixed. However, we also

re-run our main counterfactual incorporating an estimated supply response in Appendix Table F.7

and find that our results are quantitatively very similar and qualitatively unchanged.

Finally, 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. As noted earlier, this misalignment may be due

to many factors, including the utility’s trial-and-error approach to menu design. 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.14

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 using a quasi-experimental

research design. The primary challenge to identification is that we only directly observe the

total consumption of each household, which is a combination of responses to plan incentives and

preferences. Intuitively, we isolate the effects of plan incentives in two steps. We first compare

weekday and weekend consumption at the household level each week. Intuitively, because TOU

incentives are switched off on weekends, this partially controls for preferences that vary across

households and time.15 Next, we eliminate any remaining systematic differences in weekend

versus weekday consumption by taking a second difference based on a nonparametric matching

13Appendix Figures B.1 and B.2 show the monthly cost functions
14Appendix 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.
15As we discuss later in this section, habit formation where weekday behavior spills over into the weekend period

does not seem important in our setting—we show that households sharply lower consumption in the TOU period on
weekdays but not weekends in Appendix Figure E.4.

12



estimator. This second difference accounts for the fact that households may structure weekday

patterns around school or work, for example, and engage in entirely different consumption patterns

over the weekend.

Concretely, we estimate consumer i’s response to TOU pricing at time t, δ̂i,t,TOU , using the

following quasi-experimental double-difference estimator:

δ̂i,t,TOU = (E[qd|i, t,vT ]−E[qe|i, t,vT ])︸ ︷︷ ︸
Weekday vs weekend difference

at time t

− (E[qdB|t,vT ]−E[qeB|t,vT ])︸ ︷︷ ︸
Adjustment for systematic non-TOU

differences in weekday vs weekend consumption
like school and work patterns

(1)

The first difference subtracts expected weekend consumption qe from expected weekday con-

sumption qd for consumer i. The expectations are taken over all consumption during a particular

15-minute interval, t, in a particular pricing season (e.g. comparing consumer i’s 3:00-3:15 pm

consumption on weekdays versus weekends during the peak summer season). For the second

difference, we match each consumer on the time-of-use plan to a quantile vT of consumers in

the block-rate plan, based on the difference in consumption in a pre-specified time interval T .16

As previously noted, the second difference removes systematic differences in weekday-weekend

consumption such as school or work patterns that are common to TOU customers and their matched

block-rate counterparts.

With the above formulation, δ̂i,t,TOU is identified if (i) the match interval T is chosen at a point

when consumption is unaffected by TOU pricing and (ii) each match is valid throughout the day

(analogous to a parallel trends assumption). In Appendix Section D, we formally describe how these

assumptions allow our estimator to recover δ̂i,t,TOU . Further, we can test for pre-trends and thus

potentially falsify our parallel-trends assumption. We return to this point after explaining Figure 3.

We implement our approach by setting T = [10am,11am] during the summer and peak summer

pricing seasons and dividing the distribution of differences in consumption on the block rate plan

E[qdB|t,vT ]−E[qeB|t,vT ] into ventiles. During the winter season we set T = [10am,11am] for the

3-6pm and 4-7pm plans and T = [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 the assumption

16We denote the consumption in the block rate plan on weekdays as qdB and on weekends by qeB.
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that T is unaffected by TOU pricing since — given that the load-shifting technology is primarily

air conditioning in this context — it is unlikely that consumer would shift consumption more than

three hours from peak periods. This assumption would be stronger for households who own electric

vehicles that require long charging periods. As noted earlier, our sample excludes such households.

Evidence of load-shaving and load-shifting. Figure 3a presents a representative example of our

estimates for δ̂i,t,TOU . 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 heterogeneity 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).17 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 some of their on-peak load to

adjacent off-peak hours, particularly 6pm to 8pm.18 Analogous results for the other TOU plans and

pricing seasons are shown in Appendix Figure E.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 home automation

technology. 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: “TOU-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 E.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.19

17Note that this ranking places no assumption on consumer behavior outside peak periods.
18There 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.

19The test statistic is (qi,2 −qi,−2)/[sd(qi,2 −qi,−2)/
√

n], where t =−2 and t = 2 refer to 15-to-30 minute intervals
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Figure 3: Estimated Response to TOU Pricing

(a) Heterogeneity in load shifting and load shaving
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(b) The mean load for responsive consumers is affected by peak hour incentives
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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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The results indicate that 26% of consumers respond to hourly price changes.20 Figure 3b shows

peak summer load curves for these consumers in the two most popular TOU plans: 3-6pm and

2-8pm. Appendix Figure E.3 shows load curves for responsive and unresponsive households on

each TOU plan and pricing season.

Falsification tests 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 a falsification test for the analysis. If TOU and block-rate consumers are poorly matched,

or if TOU consumers shift load before 10am, 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 potential threat to identification. If TOU consumers were to

habitually reduce electricity use during peak hours on weekends (when there is no price incentive)

then our estimator for the casual response would be attenuated. However, we see virtually no

weekend response to TOU pricing in the data.21 This makes sense in the context of Arizona, since

the disutility from lowering consumption — e.g. reducing air conditioning in summer when average

high temperatures are over 100F — is arguably very salient.

Finally, one may wonder whether splitting up consumers by deciles of their peak period re-

sponses could mechanically produce the results in Figure 3a due to some randomness in consumption.

This is not the case. First, randomness would produce symmetric deciles, whereas the results in

Figure 3a clearly show that the deciles tend to decrease dramatically for the lowest deciles. Second,

the total load curves presented in Appendix E.3 show that consumption is distorted in peak periods

even before splitting consumers into deciles. Third, our split of consumers based on their peak hour

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.

20In principle, it could be interesting to treat responsiveness as a state variable with transition probabilities that reflect
learning, technology adoption, and other changes in consumer behavior. 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.

21Appendix Figure E.4 illustrates this by showing weekday and weekend load curves for responsive and nonresponsive
consumers on each TOU plan and illustrates that the sharp weekday effects almost entirely disappear on the weekend.
While we could easily incorporate near-zero weekend habit formation into our counterfactual analysis, there is little
scope for this channel to affect our results.
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behavior places no assumption on behavior outside peak hours. In particular, evidence for load

shifting — illustrated by the observed increases in consumption at hours left and right of the peak

period for consumers that respond to the peak hour incentives — is entirely data-driven. Indeed, the

fact that we see local effects on load-shifting that are sharpest left and right of peak hours and then

dampen over time provides another indirect test of our methodology. Specifically, it corresponds to

how SRP advises consumers to shift peak-hour consumption, for example, by using air conditioning

to pre-cool and post-cool their homes outside peak hours.

4.2 How Do Consumers Choose Electricity Plans?

To investigate how consumers choose plans, we first analyze annual data on 395 consumers who

switched between TOU and non-TOU plans. We regress an indicator for switching into TOU

pricing (as opposed to switching out of 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, a key 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

switching (and potentially adjusting consumption to the new plan’s incentives). This finding is

based on 2,022 annual observations 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.22 We include fixed effects for consumers and years to identify

the coefficients from within-consumer expenditure changes. The “cost minimizer” column in Table

22For consumers that were never on TOU plans the indicator is coded as zero.
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Table 2: Evidence on Plan Switching and Cost Savings

 TOU switcher Cost minimizer

0.129  
(0.050)  
0.023  

(0.011)  
0.146

(0.044)
 0.010
 (0.061)

dependent variable mean 0.60 0.30
observation account account-year
# observations 395 2,022
R2 0.03 0.72

post switch

post-switch  x  TOU-responsive

TOU-responsive

mean monthly savings from switching to TOU ($10)

Note: The “TOU switcher” column shows results from a regression that uses data on consumers who switched between
TOU and non-TOU plans: TOUswitchi = β0 +β1TOUresponsive+β2TOUsavings+ui, where TOUswitchi equals
1 if i switched into TOU pricing and 0 if i switched out of TOU pricing, TOUresponsivei equals 1 iff i is responsive
to marginal TOU prices when observed on a TOU plan, and TOUsavings is the amount the individual would have
saved on their non-TOU consumption profile had they purchased it on their cost-minimizing TOU plan. The “Cost
minimizer” column shows results from a regression that uses data on consumers who switched between any pair of plans:
cost_minimizerit = β0 +β1 post_switchit +β2 post_switchit ×TOUresponsivei +ξi +νt +uit , where cost_minimizerit
equals 1 iff i minimized the cost of their annual consumption, post_switchit equals 1 iff i switched plans prior to year t,
ξi is an consumer fixed effect, and νt is a year fixed effect. 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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2 shows that switchers are nearly 15 percentage points (or 50%) more likely to minimize costs after

switching. The fact that the interaction term is small and statistically indistinguishable from zero

suggests that switchers who we do not observe responding 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 and April.23 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.24

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 3a). 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

3b). 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).

5 Modeling Consumers’ Plan Choices and Electricity Use

We model consumer behavior as a repeated two-stage process. Each month consumers may choose

whether to switch plans, 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.

23For the 1% of households who switched plans multiple times, we focus on their first switch
24We 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.
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5.1 Daily Consumption Decisions Conditional on Plan Choice

5.1.1 TOU-responsive Consumer

Consider a TOU-responsive consumer i 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 νimwt . The bliss point is the amount of electricity the consumer would use

if its price were zero.25 Given these bliss points and the plan’s prices and peak hours, the consumer

chooses how much electricity load to shift from each interval t to each other interval, si jmwtt ′ , where

t ′ ̸= t. Note that load shifting moves consumption from a high-price to a low-price period and so it

is one-directional i.e. if si jmwtt ′ > 0 then si jmwt ′t = 0; furthermore, si jmwtt ′ = 0 if t is in a low-price

off-peak period. The consumer also chooses how much electricity to directly consume in period

t, qi jmwt .26 Overall, the consumer chooses qi jmw = {qi jmwt}t and si jmw = {si jmwtt ′}t,t ′ to maximize

the following indirect utility function:

V̂i jmw = max
qi jmw,si jmw

∑
t

U(qi jmwt ,si jmw) (2)

subject to: qi jmwt ≥ 0 and si jmwtt ′ ≥ 0, where:

U(qi jmwt ,si jmw) =−(1/(2ωi))×
(
νimwt −qi jmwt −Σt ′ ̸=tsi jmwtt ′

)2︸ ︷︷ ︸
Deviation from bliss point

−Σt ′ ̸=tdimtt ′(si jmwtt ′)︸ ︷︷ ︸
Disutility from

shifting consumption

− p jmwt ×
(
qi jmwt +Σt ′ ̸=tsi jmwt ′t

)︸ ︷︷ ︸
Cost of load consumed at t

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 t or shifted to another period. Here,

the ωi parameter indexes how painful it is for consumers to consume away from their bliss points.27

The second component accounts for the disutility from shifting load from interval t to t ′. For

25We 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.

26The term qi jmwt 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 t.

27For simplicity, we do not include an econometric error term in consumer choices. Later in the estimation, deviations
from the model predictions compared to the data would emerge as the simulated moments fitting poorly compared to
the empirical moments. To foreshadow our later results however, this fit is very close both within and out-of-sample.
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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 dimtt ′(.) but also reduces expenditures.

The third component of flow utility captures the total cost of load consumed at t, including load

shifted to this period. Total load at period t, qi jmwt +Σt ′ ̸=tsi jmwt ′t , is directly observed in the data.

We normalize the coefficient on price to -1, which implies that indirect utility can be measured in

dollars.28 The model allows consumers to have different price elasticities through differences in ωi;

this can be seen clearly in the model’s first-order-conditions in Appendix Section F.1.

5.1.2 TOU-Unresponsive Consumers

TOU-unresponsive consumers could be price insensitive with ωi ≈ 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).29 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 qi jmw to maximize indirect utility

given its bliss points and its monthly average price, p̄i jm.

V̂i jmw = max
qi jmw

∑
t

(
− (1/(2ωi))× (νimwt −qi jmwt)

2 − p̄i jmqi jmwt

)
(3)

subject to: qi jmwt ≥ 0, p̄i jm = (5/7)p̄i jm,weekday +(2/7)p̄i jm,weekend,

where p̄i jmw = Σtqi jmwt p jwmt/Σtqi jmwt

Section 6.2.2 explains how we identify ωi to determine whether TOU-unresponsive consumers

actually respond to average price or are simply price-insensitive. Also note that the monthly average

28Equivalently, 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).

29For 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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price is consumer-specific because it depends on how i’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 because if consumers perceive price to be constant throughout

the day then it is not optimal to load-shift.

5.1.3 Block-rate and Fixed-rate Plans

Non-TOU plans are also compatible with 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 constant marginal price is determined by whether total monthly consumption is

above or below 2,000 kWh in that month. Note that we incorporate consumer expectations by fixing

the price throughout the month that determines optimal consumption at the price of the consumer’s

highest block. For example, this captures that if a consumer knows they will breach the 2,000 kWh

threshold this month then the opportunity cost of a kWh before hitting the threshold is the price that

they will face after breaching the threshold.30 Also 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:

Vi j = ∑
m
(1/12)×

(
(5/7)×V̂i jm,weekday +(2/7)×V̂i jm,weekend

)
(4)

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

plans if they receive a positive draw from a Bernouilli distribution with parameter aim.31 If the

consumer draws a value of 0 then they are inattentive and remain in their current plan. Conditional

on receiving an attention shock, the consumer reconsiders their plan choice by maximizing annual

30When computing the indirect utility for the block-rate plan — which is relevant for the plan choice decision and
incorporates the total expenditure on a plan — 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.

31This is influenced by the descriptive evidence in Section 4.2 that switching plans is rare but follows a strong
seasonal pattern. Note that new households must make an active choice and so are always attentive.
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utility plus εi jm, an i.i.d. logit error with scale parameter σε :

max
j∈P

{
Vi j + γi1[ j = g(i)]+σεεi jm

}
(5)

Here, γi 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).32 While inertia and inattention 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 dimtt ′ , the bliss points νimwt , the loss function parameter ωi, the attention

parameter aim, and the inertia parameter γi. We narrow our focus to estimating preferences for the

subset of consumers who initially enrolled in 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.33 Thus, excluding

non-TOU customers maximizes the internal validity of our estimator, but limits the counterfactuals

that we can consider to those where current non-TOU consumers will not be incentivized to switch

into TOU plans. We return to this discussion later in Section 8.2 and argue that in our empirical

setting, for the set of policies we consider, this is not a significant concern.

6.1 Parametric Forms

Loss function parameter ωi. We set ωi = βω0 j(i) + Xiβω1, where Xi is a vector of consumer

demographics incorporating household income and size. The intercept, βω0 j(i), is specific to j(i), the

initial plan a consumer chose when they first opened their account.34 These plan-specific intercepts

address the “initial conditions” problem of disentangling preferences from inertia (Wooldridge,

2005). That is, βω0 j(i) is designed to capture selection into plans based on unobserved preference

32New consumers make similar choices but do not face inertia because they do not have a current plan.
33For 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.

34We treat this initial plan j(i) effectively as a ‘characteristic’ of consumer i, which remains fixed even if consumer i
subsequently switched to a different plan.
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heterogeneity. For example, TOU plans with larger within-day price differentials may attract

consumers with more elastic demand. We also allow the βω0 j(i) and βω1 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 set νimwt = ν̄mwt j(i)+ ν̄m+ ν̄i, where ν̄i ∼N(Xiβν1,σν). There are three parameters

to estimate in ν̄i, which is a consumer-specific random draw that shifts the bliss points up or down

by a constant. These are the two parameters on household income and size in βν1, and the parameter

σν . The parameter vector ν̄m contains monthly vertical shifters of the bliss points. We estimate the

ν̄m, ν̄i parameters (except for σν ) separately for TOU-responsive and TOU-unresponsive consumers,

so there are 29 parameters in total from these components.

The component ν̄mwt j(i) 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

ν̄mwt j(i) using a mw j(i)-specific mean-preserving spread of the observed weekend consumption of

the consumer’s initial plan j(i):

ν̄mwt j(i) = ĉmt j(i)× (c̄m j(i)/ ¯̂cm j(i)) where: ĉmwt j(i) = c̄m j(i)+βν2w j(i)× (cmt j(i)− c̄m j(i)) (6)

The bar notation denotes a daily mean, c denotes observed consumption, and βν2w j(i) indexes the

level of the mean-preserving spread.35 We estimate βν2w j(i) separately for each plan to capture

selection into plans on desired load shape. To keep the number of parameters manageable, we set

ν̄mwt j(i) = 1 on weekends, and use the same initial plan-specific scale parameter for TOU-responsive

and TOU-unresponsive consumers.36

35For instance, at βν2w j(i) = 1, ν̄mwt j(i) = ĉmt j(i) so the bliss points are shaped similarly to observed consumption. At
βν2w j(i) = 0, ν̄mwt j(i) = c̄m j(i) and the bliss points are constant throughout the day.

36Setting ν̄mwt j(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: qit = vit −ωi pt , i.e. consumption is a vertical shift
of the bliss points.
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Load shifting disutility. We use the following functional form:

dimtt ′(s) =
(
βd0 j(i)+βd0m +Xiβd0x

)
|t̂ − t ′|s+βd11[t ′ ∈ 9am-5pm]s+0.5βd2s2 (7)

Here, we allow 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 t̂. The parameter βd0 j(i)

captures selection into plans based on unobserved heterogeneity. βd0m 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).37
βd0x allows the disutility to vary with consumer-specific covariates. Finally, βd1

recognizes that it may be easier or harder to load shift during regular business hours (9am to 5pm)

when household members are less likely to be at home.

Inertia and attention models. We use the inertia model γi = βγ0 j(i)+Xiβγ1. Therefore, we allow

inertia to vary with demographics and initial plan choices, analogous to the loss function and bliss-

point parameters. For the attention model, we express aim as a logistic function of Xi, indicators for

initial plan choice, and month indicators. The month indicators allow the model to reproduce the

seasonality in plan switching depicted in Figure 4.38

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 i level.

We discuss intuition in this Section and provide formal details in Appendix F.

Identifying load-shifting parameters. The load-shifting disutility parameters are identified by

manipulating the first-order-conditions for the load shifted from peak period t to off-peak period t ′ to

obtain p jmwt − p jmwt ′ = d′
imwtt ′(si jmwtt ′) (shown formally in Appendix F.1). Thus, the βd parameters

are identified by how the shape of the shifted load varies over time.39

37We only see load-shifting in our data between May and October and so only allow consumers to load-shift in these
months in the model. This assumption could be relaxed when applying the model to other settings.

38We experimented with allowing aim to additionally vary with the percentage change in the consumer’s last two
monthly bills, following Hortaçsu 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.

39A minor technicality is that, in practice, we do not observe temporal variation in X , so βd0x is identified by
variation across households with different demographics. However, βd0x could be identified by changes in household
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To this end, we first include a moment for each plan in August — and a moment for each

other month between May and October — measuring the mean load shifted 3 hours after the end

of the peak period. Second, we include three moments for the 3-6pm TOU plan in June, July,

and August that load-shifting to 11am is 0.0, consistent with our descriptive results.40 Third, we

include moments for the covariance of the mean load shifted and each observable demographic

characteristic to identify βd0x. 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 βd1, which indexes how the load-shifting disutility may differ in 9am-5pm work

hours.

Identifying ωi. A key identification challenge is price endogeneity. This is explicitly represented 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 a continuity assumption that bliss

points 15 minutes before and after the sharp price change are approximately equal, the consumption

change is caused by the price change.41 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 as well as using the estimated load-shifting parameters. Therefore, we can construct 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 ωi at the consumer level (shown formally in

Appendix F.3). Based on this idea, and our parameterization of ωi, we include one moment for each

initial TOU plan for the median difference in consumption left and right of the sharp jump in peak

price, as well as moments for the correlation of this difference and each demographic characteristic.

demographics over time.
40As we discuss more formally in Appendix F, together, the first and second set of moments identify the curvature

parameter βd2, βd0m which captures seasonal differences in load-shifting, and βd0 j(i) which captures selection into plans
based on load-shifting disutility.

41This continuity assumption is not inconsistent with the fact that — as we elaborate on in the next subsection —
bliss points can be identified at the 15-minute level for each consumer. In fact, from our estimates we can check this
assumption that bliss points are very similar locally in two adjacent time periods, even if they vary a lot globally across
the day. We find that this is indeed the case.
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Identifying bliss points. Using the identified ωi, the bliss points are identified at the individual

level for every 15-minute interval (shown formally in Appendix F.3). Intuitively, the bliss points

can be recovered from the first-order condition for observed consumption once the quantity of load

shifted and ωi 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 consumption in

August; this pins down the mean-preserving spread parameter βν2w j(i) for each plan. Second, we

include average consumption moments to identify the plan-level and month-level bliss point shifters

(ν̄mwt j(i), ν̄m). 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. Finally, we

include moments relating to the correlation of mean consumption and observable demographics to

identify βν1, and the standard deviation of consumption across consumers in August for the 3-6pm

TOU plan to identify σν .

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 price changes because they have very low ωi’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 t for a consumer that switches

from plan j to plan j′ is: qi jmwt − qi j′mwt = ωi(p̄i j′m − p̄i jm).42 Since the average prices before

and after the switch are also directly observed, ωi is identified at the consumer level for switchers

(shown formally in Appendix F.4). We do not see all consumers switching in our data, so for those

that do not switch, ωi 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 plans. With this information in hand,

42Note that this comparison is made holding the month and whether the day is a weekday/weekend fixed to ensure
that bliss points at time t are comparable and differenced out.
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the remaining identification challenge is to disentangle inattention from other sources of inertia.

We address this challenge using the strategy developed in Hortaçsu et al. (2017). Intuitively, the

parameters describing inattention and residual inertia are separately identified by two sources of

information: (i) the probability of switching out of one’s current plan and (ii) the set of plan-to-plan

switching probabilities among switchers. We show this formally in Appendix F.3 and describe the

moments we use in Appendix F.5.

6.4 Estimation

We estimate the model parameters in three steps, leveraging the fact that the parameters that underlie

a consumer’s daily consumption decision can be identified separately from the plan choice decision.

First, we compute the marginal utility of income for TOU-nonresponsive consumers “offline” by

exploiting switchers, and detail this procedure in Appendix Section F.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 F.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 Hortaçsu et al. (2017)), given the simulated indirect utilities.

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 F.4, F.5). It also reproduces untargeted moments describing

monthly variation in plan-specific load curves (Appendix Figure F.2).

Panel A of Table 3 summarizes our consumption parameter estimates. 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 ωi by initial plan choice. But this

heterogeneity does not change much by income or household size.
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Table 3: Selected Parameter Estimates

Panel A: Daily Consumption Model

Parameter Coef. SE Parameter Coef. SE

Load shifting disutility (βd) Loss function (βω ), TOU responsive
9am-5pm (βd1) 0.057 (0.047) Demographics:
Curvature param. (βd2) 5.884 (2.277) Household size 0.202 (0.141)

Demographics (βd0x): Income 0.786 (0.550)
Household size 0.0003 (0.00019) Initial plan choice:
Income -0.003 (0.003) 3-6 pm plan 4.522 (2.116)

Initial plan choice (βd0 j(i)): 4-7 pm plan 2.712 (1.412)
3-6 pm plan 0.008 (0.005) 2-8 pm plan 6.470 (2.594)
4-7 pm plan 0.014 (0.007) Loss function (βω ), TOU non-responsive
2-8 pm plan 0.005 (0.003) Demographics:

Month intercepts (βd0m): 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 (0.002) 3-6 pm plan† 1.967 (0.934)
September -0.0001 (0.00004) 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 F.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 ×:
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 F.2 Logit error scale (σε ) 0.007 (0.002)

Note.—Panel A reports results from the 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 (500 repetitions) in parentheses.
† indicates that the parameters were directly estimated outside the SMM routine. See Appendix F.4 for details.

We find that consumers dislike load shifting; 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 5 plots the average marginal

cost of shifting one on-peak kWh by one hour to the off-peak period from May through October.43

This cost is negatively related to mean temperature, which can be explained by seasonal changes

43We 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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Figure 5: Load-shifting disutility by month
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Note: The figure plots load-shifting disutility by month, βd0m, 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. (Note that the model could
easily be extended to allow load-shifting in other months.)

in load-shifting technology.44 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. Appendix Figure F.1 summarizes the bliss point parameters (shown in Appendix

Table F.3) by reporting monthly average bliss points by consumer type and plan.

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

44For 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).
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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 Hortaçsu et al. (2017).

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 incentivizes consumers to modify their behavior in

ways that affect social welfare. We define the annual social welfare of consumer i in plan j(i) as the

sum of consumer surplus and producer surplus minus pollution damages:

Welfarei, j(i) =Vi, j(i)+PSi, j(i)−Damagesi, j(i) (8)

Therefore, total social welfare is ΣiWelfarei, j(i). Note that all of the components on the right-hand-

side are aggregated up from individual i behavior across weekends, weekdays, and months. Our

welfare calculations also incorporate monthly and weekday/weekend variation in the shapes of

hourly damage functions. As we previewed in Section 3.3, we hold the shapes of the hourly damage

functions fixed because the counterfactuals that we consider lead to changes in consumption that

are likely to be infra-marginal to the utility’s generation technology.45 As a robustness check, we

also re-run our main counterfactual incorporating an estimated supply response in Appendix Table

F.7 and find that our results are quantitatively very similar and qualitatively unchanged.

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

45For example, our optimal menu counterfactual produces a maximum hourly load change of 279 megawatts and
an average change of 61 megawatts over the course of a year. This is almost certainly inframarginal to the marginal
generator, which is likely to be a natural gas or coal plant. For instance, the smallest of SRP’s seven natural gas plants
has a capacity of 575 megawatts (SRP (n.d.)).
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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 Revenue 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 20.4 -38.3 52.0 -6.6 2.9 55.0 -9.1
↑ 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 31.4 -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 ‘↑ 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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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.46 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

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 the degree to which they respond to TOU

incentives.
46We see similar patterns in all other months where we observe load-shifting behavior, specifically May through

October.
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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 $23.50 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 per consumer/year. Much of the benefit again comes from moving

consumers to the 2-8pm plan where they reduce load-shifting.

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 $20.40

per consumer/year. Thus, offering the existing TOU plans is inefficient from a social perspective.47

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. Eliminating the current TOU plans

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

consumer surplus by $38.30 per year.

Responding to marginal prices. Finally, we simulate a hypothetical policy that makes TOU-

unresponsive consumers respond to TOU prices in the same way as responsive consumers, condi-

tional 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 $41.60 per consumer/year. Load-shifting

47It 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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increases the loss to $70.60 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 and peak hours that deviate from marginal social cost.

The last two 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 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 subject to constraints:

max
P∈M ∑

i
Welfarei, j(i) Subject to: (9)

Vi, j(i) ≥Vi, j′ for all j′ ∈ P (Across-plan implementability)

Behavior of i in j determined by Equations 2-3 (Within-plan implementability)

ΣiPSi, j(i) ≥ ΣiPSi, jbaseline(i) (Budget non-negativity)

Fixed Rate, Block Rate ∈ P (Menu includes base plans)

The planner faces four constraints. First, consumers choose plans optimally.48 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 menu must weakly increase

producer surplus. 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.49

48Since 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 consider whether inertia and inattention could be
used as a policy tool.

49Although it is not explicitly a pricing principle for our utility in Arizona, utilities in other places sometimes also
attempt to minimize ‘cross-subsidies’ between consumers who choose TOU vs non-TOU plans. In practice this often
means that average revenue per consumer — keeping the load shape constant — should be approximately the same
between TOU and non-TOU plans if consumers do not respond to the TOU incentives. While we do not impose
this constraint explicitly, it emerges as a feature of the second-best optimal menu given the optimization problem.
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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 — 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).50

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 constraint. 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, we believe the assumption is 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

Concretely, a non-responsive consumer choosing our second-best optimal TOU plan would generate a 3% difference in
revenue compared to the block-rate plan.

50Although we argue that this formulation approximates the utility’s problem, it is relatively straightforward to
compute results with other objective functions such as simply maximizing consumer surplus and producer surplus, and
excluding damages. Our framework could also be easily adjusted to capture the case where the utility needs to design
the menu based on assumed projections about future costs by modifying the mapping of consumer behavior to private
costs and damages.
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generous — less than $1 per month — than existing options for consumers who actually chose

those plans.

Computation. We consider single-peaked TOU plans with a connected set of on-peak hours in

M.51 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. We also allow the planner to vary price plan incentives by season.

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 service

charge’). This is constant across plans, and so allowing it to vary by plan does not appear to conform

with the utility’s decision making. Further, 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 the price when load approaches grid capacity (known as ‘critical peak pricing’).52

8.3 Theoretical mechanisms behind the optimal menu

Before presenting the results, we discuss the theoretical intuition behind the optimal menu, as

well as how the estimated parameters contribute to the results. First consider the ‘first-best TOU’

benchmark. By ‘first-best TOU’ we mean both a menu of plans, P f irst , and an allocation of

consumers to plans that maximizes social welfare. This is the solution to the menu design problem

if the planner knows consumer types and does not face the ‘across-plan implementability’ and

‘budget non-negativity’ constraints.

The resulting first-best menu and allocation is simple. It consists of the base plans plus a single

51The 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.

52For evaluation of critical peak pricing schemes see, for example, Jessoe and Rapson (2014), Blonz (2022), and
Hinchberger et al. (2024).
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TOU plan. The TOU plan can be constructed by starting with the plan where peak hours and prices

best approximate real-time-pricing at marginal social cost, and then making adjustments to prices

and peak hours to account for load shifting (which is primarily dependent on the estimated dimtt ′(.)).

The planner then assigns all TOU consumers to the new plan.53

Whether this first-best menu would be effective in a second-best world depends on whether the

TOU plan generates a higher consumer surplus than the base plans. Whether this is the case hinges

on the estimated bliss point shapes (vimwt), as well as the ability for consumers to shift or reduce

load in high-price times, which is dependent on the loss function parameter ωi, and dimtt ′(.). If the

base plans generate a higher consumer surplus than the first-best TOU plan, then the effectiveness of

the first-best menu depends on the degree to which consumers will remain in their default allocation,

which is a function of estimated inattention and inertia.

Finally, the optimal second-best menu balances the strength of intensive-margin incentives

within TOU plans, with the strength of extensive-margin selection incentives to choose TOU plans.

For example, high peak-hour prices may cause consumers to optimally reduce load at high-cost

times conditional on choosing a TOU plan. But if these incentives are too strong, consumers with

high loss parameters ωi will select out of the TOU plan and into grandfathered non-TOU base plans.

Therefore, it may be optimal to distort peak hours and prices away from the first-best, weakening

within-plan incentives to induce selection. More complicated menus with additional TOU plans may

improve social welfare since the planner has additional degrees of freedom to screen consumers

based on private information about their types.

8.4 The ‘First-best TOU’ Benchmark

As noted above, the ’first-best TOU’ benchmark is the menu of plans and allocation of consumers

onto plans that maximizes social welfare. 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

53A notable aspect of our analysis is that we do not assume that load-shifting is desirable or even present in the
optimal menu (as is often presumed by policymakers who directly target increasing load-shifting as a goal e.g. California
State Legislature (2022)). Rather, it is an empirical question.
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Table 5: Welfare effects of counterfactual menu designs

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

surplus surplus costs

First best optimum (*):
No choice 50.1 -218.9 191.8 -77.2 -49.9 141.9

Second best analysis:
Offer (*) without mandate:

Choice + inattention, inertia 44.4 -184.9 165.5 -63.8 -40.0 125.5
Choice + inertia 26.7 -60.5 65.5 -21.8 -9.2 56.3
Max. utility 23.3 -33.7 46.6 -10.3 0.3 46.9

Second best optimal menu:
Base plans + optimize:

1 peak/off TOU plan 39.7 9.2 1.0 -29.6 -9.0 -8.0
2 peak/off TOU plans 39.9 9.4 0.9 -29.6 -9.5 -8.5

Figure 7: Counterfactual menu designs (time-of-use component)
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(b) 1 Time-of-use plan
Plan
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Hour of the day

(c) 2 Time-of-use plans
Plan 1
Plan 2

Note: In the table, (*) denotes the first-best optimal menu (which is held constant in the ‘second best analysis’ when
determining if this specific menu should be implemented in a second-best world). 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. The plan incentives are allowed to also vary by season
(although these are not pictured here for simplicity). In Panel (a) the peak hours are 5-10pm. In Panel (b) the peak
hours are 1-8pm. In Panel (c), plan 1’s peak hours are 1-8pm and plan 2’s peak hours are 3-10pm.
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of the tariff to compensate consumers at the expense of the utility — i.e. implementation with

non-distortionary transfers — consumers would still be 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 regulated utility’s objective of

allowing consumer choice.

Therefore, we next consider a second-best world where TOU consumers are assigned to their

first-best plan, but are allowed to opt 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, 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 f irst by more than half to $23.3 per consumer/year.

Overall, these results illustrate an important caveat to the conventional wisdom that offering a

plan that aligns prices with 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).

8.5 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 $39.7 per consumer/year.

Further, this plan achieves 79.4 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,
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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 F.6 that the optimal menu is progressive,

in the sense that low-income consumers do better than high-income consumers. This suggests that

the proposed menu is likely to satisfy the utility’s equity considerations.

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.54 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 develop and estimate a novel model of electricity plan choice, consumption, and intertemporal

substitution. We use the model to design a second-best optimal menu of electricity price schedules,

given realistic design constraints and consumer self-selection. Our findings illustrate how optimal

menus can simultaneously increase consumer welfare, reduce private generation costs, and improve

environmental outcomes.

Although we quantify the benefits of the optimal second-best menu in a specific setting where

we have access to excellent administrative data, the mechanisms that underpin our framework apply

much more broadly. These mechanisms include the need to balance within-plan incentives that

induce load-shifting and load-shaving with across-plan selection incentives, as well as institutional

constraints to grandfather time-constant plans, and consumer choice frictions. Our framework

may be of general interest to policymakers in the US, Europe, and other countries where selling

electricity through time-varying rates and complex menus is increasingly common (Brattle Group,

2021).
54Note that our framework does permit us to look at three or more TOU plans in the menu. However, the computational

burden also scales exponentially with the number of plans. Since we ultimately find that two TOU plans does not add
much value compared to one TOU plans, we do not also consider this case.
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Supplemental Appendices
A Additional Background on Plan Choice

Table A.1: TOU Plans Offered by the 50 Largest US Utilities

Utility Residential 
customers

Multiple 
TOU 
plans

Utility Residential 
customers

Multiple 
TOU 
plans

Florida Power & Light Co 5,147,906 no PPL Electric Utilities Corp 1,289,659 no
Pacific Gas & Electric Co. 4,977,155 yes NSTAR Electric Company 1,283,644 yes
Southern California Edison Co 4,557,046 yes Arizona Public Service Co 1,228,022 yes
Commonwealth Edison Co 3,732,459 yes Baltimore Gas & Electric Co 1,207,932 yes
Consolidated Edison Co-NY Inc 3,040,543 no Massachusetts Electric Co 1,194,413 no
Virginia Electric & Power Co 2,464,971 yes CT Light & Power Co 1,165,561 no
Duke Energy Carolinas, LLC 2,428,460 yes Union Electric Co - (MO) 1,087,971 yes
Georgia Power Co 2,387,722 yes Puget Sound Energy Inc 1,077,406 yes
DTE Electric Company 2,055,963 yes Ameren Illinois Company 1,060,030 no
Public Service Elec & Gas Co 2,034,936 yes Wisconsin Electric Power Co 1,038,810 no
PacifiCorp 1,806,045 no Salt River Project 1,030,788 yes
Duke Energy Florida, LLC 1,753,585 no Jersey Central Power & Lt Co 1,030,238 yes
Consumers Energy Co - (MI) 1,652,141 yes Long Island Power Authority 1,028,015 yes
PECO Energy Co 1,530,762 no Energy Harbor Corp. 1,017,663 no
Reliant Energy Retail Services 1,530,514 yes Direct Energy Services 976,945 yes
Niagara Mohawk Power Corp. 1,526,730 yes Ohio Edison Co 953,531 no
Duke Energy Progress - (NC) 1,464,920 yes Entergy Louisiana LLC 952,644 no
TXU Energy Retail Co, LLC 1,412,686 yes Nevada Power Co 899,223 yes
Los Angeles Dept. Water & Power 1,400,054 no Potomac Electric Power Co 860,695 no
Constellation NewEnergy, Inc 1,392,245 yes City of San Antonio - (TX) 843,521 no
Northern States Power Co - MN 1,385,189 yes Portland General Electric Co 815,920 no
San Diego Gas & Electric Co 1,350,219 yes Appalachian Power Co 812,538 yes
Public Service Co of Colorado 1,346,146 no NY State Elec & Gas Corp 791,764 yes
Ohio Power Co 1,329,638 no Duke Energy Indiana, LLC 781,956 no
Alabama Power Co 1,323,950 yes San Diego Community Power 761,361 yes

Note: Data on the number of residential customers are from the US Energy Information Administration Form EIA-861
detailed data files in 2023. A “customer” refers to a residential account. Multiplying the number of customers by 2.5
(the average number of people per household in the US) approximates the number of people served by the utility. We
reviewed each utility’s webpage to determine whether it offered residential customers a choice among multiple TOU
plans as of April 2025.

A.1 Enrollment

There is no default plan for new customers. SRP encourages consumers to choose plans that match

their preferences. Figure A.1 shows the enrollment form that existing customers can use to switch

plans.55 New customers are presented with a similar form, or they can choose a plan by talking
55SRP 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
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with a customer service representative on the phone.

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

 
Note: This figure shows the enrollment form that customers can use to switch plans. New enrollees are presented with a
similar form.

Enrolling in the Customer Generation Plan or the M-Power Plan (which is the advertised name

of the fixed-rate plan shown in Figure 1d) requires calling customer service to coordinate installation

of additional metering equipment. A customer who clicks a “learn more" link is presented with

images explaining the plan’s price function and intuitive summaries of the plan and how it differs

from other options. For example, the linked description of the “EZ-3 Plan (3-6pm)" shown in Figure

1b includes the following text:

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 households in our main estimation sample that switched
from the block rate to a TOU plan, only 1 switched back within 120 days.
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How it works: At certain times of the day, many people and businesses in the Valley are using

energy, 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 3 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 six 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 to limit your

energy use during just three on-peak hours on weekdays. All other hours of the day, including

weekends and six 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 can view their hourly history of consumption and

expenditures. This information is posted within 48 hours. Figure A.2 provides an example of how

this information appears for a customer on the 3-6pm 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).

Customers can 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 are based on the account’s consumption history and presented as monthly and annual

expenditures. Hence, the projections effectively measure 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

confidential data provided by SRP.
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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.

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.
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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 follow the methods from that study as closely as

possible, drawing on the article’s supplemental appendix and replication package. The main differ-

ences 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 Southwestern 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.

B.1 Marginal Private Cost

Our approach to calculating the marginal private cost (MPC) of generation starts by compiling

locational marginal price (LMP) data for SRP from the California Independent System Operator. We

use the SRP-specific node DGAP_SRP_APN for January 1, 2021 through December 31st, 2023.56

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 aggregate the LMPs by calendar month and hour and multiply 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 extract 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.1 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 MPC data in Figure 2.

B.2 Marginal External Cost

Burning fossil fuels to generate electricity emits air pollution as a byproduct. The pollutants include

carbon dioxide (CO2), sulfur dioxide (SO2), nitrogen dioxide (NO2), and fine particulate matter

(PM2.5). CO2 contributes to climate change, whereas elevated exposures to SO2, NO2, and PM2.5

56These data are extracted from report PRC_RTPD_LMP.
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Figure B.1: Marginal Private Cost of Generation by Month and Hour (cents/kWh)
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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 generation.
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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 interconnection section of the

United States electricity grid. The western interconnection includes Arizona, Washington, Oregon,

California, Idaho, Nevada, Wyoming, Colorado, Utah, and 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 starts by using the 2024 release of the EPA’s

Emissions & Generation Resource Integrated Database (eGRID) to determine the county in which

each fossil fuel power plant is located. For each of these plants, we compile data on hourly emissions

of CO2, SO2, and NO2 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/.

PM2.5 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 PM2.5

emissions. First we collect plant-specific data on annual PM2.5 emissions from the EPA’s 2020

National Emissions Inventory. Next, we merge these data with plant-specific measures of heat input

reported by CEMS. Then we calculate an average emissions rate for each plant by dividing annual

PM2.5 emissions by annual heat input. Finally, we multiply a plant’s annual average emissions rate

by its hourly heat input to estimate its hourly PM2.5 emissions.

We calculate the monetary damages from each plant’s hourly emissions by feeding data on

emissions, plant locations, and smokestack heights into the Pollution Emission Experiments 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 carbon to monetize climate damages

from CO2. 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 SO2, NO2, and PM2.5 in one county contribute to ambient pollution in other counties,
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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 aggregate hourly plant-level damages into four geographic regions. We start 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 Colorado (which is part of

Northwest). We extract data on all of the SRP-owned plants from the Southwest and Northwest

areas and group them into a fourth region that we call SRP. The purpose for doing this is to account

for the potentially tighter integration of generation at these plants with SRP’s load. We compile data

on hourly load for utilities located in each of the three EIA regions and for SRP alone.57 These data

were originally collected from EIA Form 930.

To illustrate our approach to estimating external damages, let Dprt denote monetary damages

from aggregate emissions of pollutant p in region r during hour t. 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 ̸= r, and time fixed effects, φ . 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 ;β )+g(ls,t ;γ)+φprt + εprt (B.1)

We follow BB2022 in stacking the data over all pollutants and regions, taking 24-hour differences

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 parameterize the spline functions

by using quintiles of the load distribution, and verify that our results are 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 apply these coefficients to hourly data on SRP load to measure hourly

57We subtract SRP’s load from the Southwest region where its service territory is located.
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damages throughout our study period. Then we apply the inflation factors from BB2022 to account

for distribution losses. Finally, we calculate 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 MEC data in Figure 2.

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

load quintile Carbon Dioxide Nitrogen Dioxide Sulfer Dioxide
Fine Particulate 

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

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

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

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

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

1

2

3

4

5

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. Coefficients for non-SRP areas are supressed for brevity.
Standard errors are clustered by date.
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Figure B.2: Marginal External Cost of Generation by Month and Hour (cents/kWh)
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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.
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Figure B.3: Marginal Social Costs of Generation and Average TOU Price (cents/kWh)
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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.

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. This section describes the data sources and how we

validate our bill calculator.

SRP Rate Tables. We determine the fixed cost and marginal cost of consumption on each electricity

price plan using SRP’s rate books. The rates were active from May 2019 through the end of our

study period.

Salt River Project Agricultural Improvement and Power District, "SRP’s Standard Electric 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 are 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 is 6.3% throughout our
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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 differ by no more than

four tenths of a percentage point. City taxes vary 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. A univariate regression of actual expenditures on

predicted expenditures yields an R2 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.

D Formal requirements for the difference-in-difference results

Let qitw j denote consumer i’s electricity use during 15-minute interval t on day w∈{weekday(d),weekend(e)}

of a particular pricing season, given that the consumer is on price plan j ∈ {TOU,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 t can be written as E[qd|i, t,TOU ]−E[qe|i, t,TOU ] =

δi,t,TOU +λi,t,TOU . The first term after the equality, δi,t,TOU , measures how TOU pricing causes i to

adjust consumption during t. This is the object of interest. The second term, λi,t,TOU , measures the

remaining difference between weekday and weekend consumption that is unrelated to TOU pricing.

For example, λi,t,TOU 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 written as

E[qd|i, t,B]−E[qe|i, t,B] = λi,t,B.58 Differencing average consumption differentials among TOU

and block-rate consumers yields δt,TOU + λt,TOU − λt,B. This statistic fails to identify δt,TOU ,

however, if consumers sort themselves into plans such that λt,TOU ̸= λt,B. For example, consumers

who spend less time at home on weekdays may have more elastic demand during on-peak hours

and, consequently, select into TOU pricing. This is an example of selection on the slope of demand

58
δi,t,B ≡ 0 for all block-rate consumers because they have no price incentive to adjust consumption during the day.
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(Einav et al., 2013; Ito et al., 2023).

Our estimator for δi,t,TOU mitigates selection bias by matching each TOU consumer to a

composite block-rate consumer with a similar λ . The matching process embeds two assumptions.

First, we assume there is a known interval, T , during which consumption is unaffected by TOU

pricing: δi,T,TOU = 0. Under this assumption, we can measure a TOU consumer’s λT as: λi,T,TOU =

E[qd|i,T,TOU ]−E[qe|i,T,TOU ]. Then we match the TOU consumer to block-rate consumers in

the same quantile, v, of the unconditional distribution of λT . 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 A1. There exists a known interval T s.t. δi,T,TOU = 0 for all TOU consumers.

Assumption A2. (λi,t,TOU |vT ) = E[λi,t,B|vT ] for all t /∈ T .

E Additional Descriptive Evidence

E.1 Summary Statistics

Figure E.1a shows average monthly electricity consumption per household and Figure E.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 because prices are also

higher in the summer.

Figure E.1: Average monthly electricity consumption and expenditures
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SRP obtained household demographic data from an external contractor. Table E.1 reports

additional summary statistics for the households enrolled in each plan. Households in the pre-pay
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plan have substantially lower credit scores.59 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.

Table E.1: Summary Statistics 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
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

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

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 E.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 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. 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.60

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

59The 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".

60Blonz et al. (2024) evaluates a similar program that automates thermostat settings to adjust to time-of-use pricing.
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events are rare, the fraction of households participating is low (6%), and the program incentives are

neutral to plan choice. Nevertheless, the heterogeneity in participation rates across plans is notably

consistent with higher rates of smart thermostat ownership among households in TOU plans.

E.2 Additional Evidence on Load Curves

Figure E.2 summarizes our estimates for how households who selected into each TOU plan respond

to hourly price changes on peak pricing days of each pricing season.61 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 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.

Consumers in the 2-8pm TOU plan shift less load to off-peak periods compared to those in the

3-6pm and 4-7pm plans. This may be partly explained by the smaller on-peak price increase of the

2-8pm plan, as shown in Figure 1. For the most responsive decile in the 2-8pm 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 E.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 E.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).

61The noisier estimates for the 4pm-7pm plan in the middle row reflect its smaller enrollment share.
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Figure E.2: TOU responsiveness by plan and season
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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 E.3: Load curves by season and responsiveness to TOU pricing
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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 E.4: Load curves by peak day and responsiveness to TOU pricing
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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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F Additional Model Details

F.1 First-order-conditions

TOU-responsive households. For the TOU-responsive households, the first-order conditions are

(noting that we replace t ′ with h as the index of the summations to differentiate it from the period t ′

the load is being shifted to):

νimwt −qi jmwt −Σh̸=tsi jmwth = ωi p jmwt [qi jmwt ] (F.1)

νimwt −qi jmwt −Σh̸=tsi jmwth = ωi p jmwt ′ +ωid′
imtt ′(si jmwtt ′) [si jmwtt ′] (F.2)

Note that the above equations have different prices on the right-hand-side (the first equation uses

the price at time t, the second equation uses the price at time t ′). Manipulating these first order

conditions and comparing t within a TOU period and t ′ outside it provides the following equations

which we later use for identification and estimation:

(νimwt −νimwt ′)− (qi jmwt −qi jmwt ′)−Σh̸=tsi jmwth = ωi(p jmwt − p jmwt ′) (F.3)

d′
imtt ′(si jmwtt ′) = p jmwt − p jmwt ′ (F.4)

TOU-unresponsive households. The first order condition for TOU-unresponsive households is:

νimwt −qi jmwt = ωi p̄i jm [qi jmwt ] (F.5)

Note that we do not incorporate feedback effects on the average price in this equation (i.e. p̄i jm is

technically a function of qi jmwt). 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).

F.2 Computational Algorithm

TOU-responsive households. Here we explain how we compute the equilibrium consumption

qi jmwt and load shifting si jmwtt ′ . We compute these objects separately for weekdays and weekends

in each month, since the household’s problem is separable across days. A challenge is ensuring that
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qi jmwt ≥ 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.62 For each household i:

1. Initialize a guess at iteration k = 0 of qk
i jmwt and sk

i jmwtt ′ .

2. Within the TOU period, calculate the total load shifted at each t in a peak period to a non-peak

period t ′ in the following way (using the first-order-conditions):

x̂k
i jmwtt ′ = p jmwt − p jmwt ′

−
(
βd0 j(i)+βd0m +Xiβd0x

)
|t̂ − t ′|−βd11[t ′ ∈ 9am-5pm] (F.6)

sk+1
i jmwtt ′ =

1
βd2

(
x̂k

i jmwtt ′ −Penaltyk
i jmwt

)
(F.7)

Here Penaltyk
i jmwt = µ(ε1/qk

i jmwt) + (1− µ)(ε1/qk−1
i jmwt). This term reduces load shifting

smoothly as qk
i jmwt → 0, i.e. when consumption in a period is close to its bound. We also

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

Note: we set ε1 to be very small and so the penalty term is typically second order. As ε1 → 0

the penalty term is eliminated completely. Therefore, we check what happens if we set it an

order of magnitude lower (1/10)ε1 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):

qk+1
i jmwt = SmoothBound

(
νimwt −ωi p jmwt −Σh ̸=tsk

i jmwth

)
(F.8)

Here, SmoothBound(x) = 0.5x+ 0.5
√

x2 + ε2. Note that as ε2 → 0 it is also the case that

SmoothBound(x)→ 0.5x+0.5|x|= max{0,x}. Therefore, we check what happens if we set

ε2 an order of magnitude lower (1/10)ε2 and the results are almost unchanged, illustrating
62Typically, 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 gets very low draws of bliss points.
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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 gets very

low draws of bliss points.

Note that Σh̸=tsk
i jmwth = 0 if t is outside a peak period. Also note that we use a ‘dampened’

update to qk+1
i jmwt in practice for numerical reasons.

4. Compute the convergence criterion max
t

|qk+1
i jmwt − qk

i jmwt |. If it is too large, continue again

from Step 2.

TOU-unresponsive 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. si jmwtt ′ = 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.

Details about GMM weights We use a diagonal weighting matrix. We choose weights along the

diagonal so that the scale of the moments is approximately equal in the objective function.

F.3 Formal Details on Identification

Identifying the load shifting parameters. From Appendix F.1, rearranging the first-order-conditions

we have that p jmwt − p jmwt ′ = d′
imwtt ′(si jmwtt ′). Then, using the specific functional form for the

load-shifting disutility in the paper and rearranging:

s̄i jmwt ′ =
1

βd2
(p jmwh − p jmwl)−

(
βd0 j(i)

βd2
+

βd0m

βd2
+Xi

βd0x

βd2

)
|t̂ − t|− βd1

βd2
1[t ∈ 9-5] (F.9)

Here, define s̄i jmwt ′ as the average load shifted to a particular low-price period t ′ from each high-

price period i.e. s̄i jmwt ′ = (1/Npeak)∑
t

si jmwtt ′ where Npeak is the number of peak periods. Therefore,

the left-hand-side s̄i jmwt ′ is directly observed in the data.63 Also define p jmwh as the peak-hour

price and p jmwl as the off-peak price on a specific day/month in the plan. Starting from the 3-6pm

plan in August (where we normalize the monthly fixed effect βd0,August = 0) the parameters βd0m,

63Concretely, if we multiply this component by the number of peak intervals we recover the total load shifted to time
t which is directly observed in the data from the difference-in-difference results in Section 4.1.
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βd0 j(i), βd2 are pinned down by the shape of the load shifted within each consumer and across the

day, as well as how this shape changes across months with different prices. Concretely, the three

‘no load shift to 11am’ moments across June, July, August leverage the price change from June

to the summer-peak season in July and August to identify βd2. The moments for across-month

differences — specifically, moments for the mean load-shift post-peak in the 3-6pm plan — identify

βd0m. Moments relating to across-plan differences in load-shifting identify the βd0 j(i) parameters.

βd0x is identified by moments for how load shifting varies with consumer demographics.

Identifying the loss function parameter ωi. Consider the difference in consumption just before

and after a TOU price increase. Denote the pre-period by l and the post-period by h to indicate a low

or high price. Then, focusing on a single individual and suppressing the model’s i,w,m subscripts

to simplify notation, the difference in consumption can be written as:

(
ql +Σl ̸=l′sl′l

)
−qh = (νl −νh)+ω ph −ω pl +Σl ̸=l′sl′l +Σh′ ̸=hshh′ (F.10)

= ω(ph − pl)+Σl ̸=l′sl′l +Σh′ ̸=h(d
′
hh′)

−1(ph − p′h) (F.11)

The right-hand-side of Equation (F.10) follows from inverting the first-order optimality condition

that νt − qt −Σt ′ ̸=tstt ′ = ω pt .64 Equation (F.11) follows from our assumption that νl = νh just

before and after the sharp price change. Note that Σl ̸=l′sl′l , the total load shifted to period l, can

be directly constructed from the data using the load-shifting estimator in Section 4.1. The term

Σh′ ̸=h(d
′
hh′)

−1(ph − p′h) can be constructed using the identified load-shifting disutility d′
hh′ and

assuming that d′
hh′ is invertible (which is the case for the functional form chosen in this paper).65

Therefore, the only unknown component is ω .

Bliss points can then be identified at the consumer level for every 15 minute interval during the

day. Formally, rewriting the first-order-condition with respect to qt yields νt = qt +Σt ′ ̸=tstt ′ +ω pt .

All three terms on the right-hand-size are known or can be constructed from the data.

64For the l period, since no load is shifted away, this optimality condition is νl −ql = ω pl . For the h period, this
optimality condition is νh −qh −Σh′ ̸=hshh′ = ω ph. For expositional clarity we assume that the nonnegativity conditions
do not bind in these periods.

65Recall that — as discussed in Section 6.2.1 of the main paper — the load-shifting disutility can be identified from
Equation F.4.
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Identifying the plan choice parameters. Consider a consumer who chooses between their current

(default) plan, j, and two alternatives, j′ 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:

P(switch j → j′) = a
exp(Vj′/σε)

Σk exp((Vk +1[ j = k]γ)/σε)
(F.12)

Comparing the probabilities of switching to j′ and j′′ identifies the σε parameter such that

ln(P(switch j → j′))− ln(P(switch j → j′′)) = (1/σε)(Vj′ −Vj′′). Intuitively, since we know Vj′

and Vj′′ , and observe switching probabilities in the data, σε 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 (γ)

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).66 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 consumer in different plans, and compare

the switching probabilities in the following way:

P(switch j → j)−P(switch j′ → j′)
P(switch j′ → j)

= exp
(

Vj −Vj′ + γ

σε

)
· Σk exp((Vk +1[ j′ = k]γ)/σε)

Σk exp((Vk +1[ j = k]γ)/σε)
+ exp

(
Vj′ −Vj + γ

σε

)
(F.13)

The expression to the left of the equality is data, and the expression to the right is known up to γ , 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.

66Although 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.
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F.4 Externally Estimated Parameters

We leverage the model’s first-order conditions to directly estimate the loss function parameters

governing the price sensitivity among consumers who potentially respond to average prices outside

the simulated method of moments estimation routine. Our strategy is to focus on consumers who

initially selected TOU plans (to be consistent with the sample construction in Section 6) and who

subsequently switched plans (to identify the price sensitivity).67 We identify their heterogeneous

price sensitivities from how their monthly consumption quantities vary with changes in their monthly

average prices, conditional on their incomes, household sizes, and initial plan choices. Then we

combine the estimated parameters with non-switchers’ incomes, household sizes, and initial plans

to infer their price sensitivities.

The reason we focus on switchers is that, in a given calendar month, switchers face variation in

average prices before and after they switch plans. For example, an individual who switches plans in

May 2022 faces different price schedules in June 2021 and June 2022. This variation can break the

simultaneity between average price and quantity because it arises from differences in plan-specific

price schedules for the pre-switch and post-switch plans. In contrast, for non-switchers all of the

variation in their average prices in a given month is driven by their consumption because their

plan-specific price schedules are fixed.

To see how switchers’ behavior can serve to identify their price sensitivities (ωi), note that

combining the first order conditions in Section F.1 with an assumption that their bliss points are

approximately the same before and after the switch — given the month m and whether the day is a

weekday or weekend — yields the following equation:

qi jmwt −qi j′mwt = ωi(p̄i j′m − p̄i jm) (F.14)

where j is the plan before the switch, and j′ is the plan after the switch. We directly estimate the

67The estimation results shown in Table F.1 are robust to including customers who initially enrolled in non-TOU
plans.
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parameters describing heterogeneity in the price sensitivity (βω ) using the following regression:

Ci,m,y = β0+β1P̄i,m,y +β2P̄i,m,y ×4−7pm TOU i

+β3P̄i,m,y ×2−8pm TOU i +β4P̄i,m,y × Incomei

+β5P̄i,m,y ×Household sizei +ρi +ψm +φy +δi,m

+πm,y + εi,y,m,

(F.15)

In the equation, Ci,m,y denotes 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×

24 hours×4 intervals); P̄i,m,y is the average price for a kWh of consumption; 4−7pm TOU and

2−8pm TOU are indicators for whether household i was enrolled in either of those plans at the

start of the sample period (with the 3-6pm TOU plan defined as 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; ρi, ψm, φy, δi,m, and πm,y are household, calendar month, year, household-by-calendar

month, and calendar month-by-year fixed-effects, respectfully.68

Table F.1 presents the results from estimating equation (F.15). Tables 3 and F.3 rescale these

estimates into model parameter units under the “Loss function (βω ), TOU non-responsive" headings.

F.5 Additional Moment Construction Details

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

moments of the following form

η
(k)
jt =

N(k)
jt − N̂(k)

jt

N(k)
t

,

where N(k)
jt is the number of households that switch from plan k to plan j in month t, N̂(k)

jt is the

predicted number of switchers, and N(k)
t is the total number of households enrolled in plan k in

month t. This denominator aims to down-weight moments with larger variance.
68To make sure that the elasticities generated from Equation (F.15) are comparable to the model estimated 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.
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Table F.1: TOU non-responsive consumer price sensitivity

(1)
P̄i,m,y -1.967∗∗

(0.934)
P̄i,m,y × 4-7 pm plan 4.464∗∗∗

(0.954)
P̄i,m,y × 2-8 pm plan 2.357∗∗∗

(0.589)
P̄i,m,y × income -22.163∗∗∗

(7.642)
P̄i,m,y × 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)

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.69 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:

η
(k)
D j =

D̄(k)
j − ˆ̄D(k)

j

N̄(k)
,

where D denotes a specific observational household characteristic (e.g., income, household size,

or initial plan); D̄(k)
j is the mean of D for households that switched from plan k to plan j over the

entire sample period; ˆ̄D(k)
j is the model predicted mean of D for k to j switchers; and N̄(k) is the

average number of households enrolled in plan k over the sample period. We limit the window of

observation from January 2020 to April 2023 for all choice plan moments.

F.6 Additional Results

69Though the inclusion of these moments is somewhat redundant, we view it as important to effectively replicate
these aggregate switches for our counterfactual simulations.
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Table F.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 ×:
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 (σε ) 0.007 (0.002)
February -0.245 (0.645)
March -0.059 (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 F.3: Daily Consumption Model Results

Parameter Coef. SE Parameter Coef. SE

Load shifting disutility (βd) Loss function (βω ), TOU responsive
9am-5pm (βd1) 0.057 (0.047) Demographics:
Curvature param. (βd2) 5.884 (2.277) Household size 0.202 (0.141)

Demographics (βd0x): Income 0.786 (0.550)
Household size 0.0003 (0.00019) Initial plan choice:
Income -0.003 (0.003) 3-6 pm plan 4.522 (2.116)

Initial plan choice (βd0 j(i)): 4-7 pm plan 2.712 (1.412)
3-6 pm plan 0.008 (0.005) 2-8 pm plan 6.470 (2.594)
4-7 pm plan 0.014 (0.007) Loss function (βω ), TOU non-responsive
2-8 pm plan 0.005 (0.003) Demographics:

Month intercepts (βd0m): 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 (0.002) 3-6 pm plan† 1.967 (0.934)
September -0.0001 (0.00004) 4-7 pm plan† -2.497 (0.732)
October 0.005 (0.003) 2-8 pm plan† -0.389 (0.507)

TOU-responsive bliss points: TOU-unresponsive bliss points:
Draw std. dev. (σν ) 1.257 (0.033) Demographics:

Demographics: Household size -0.018 (0.011)
Household size 0.254 (0.214) Income 12.667 (0.824)
Income 8.739 (5.135) Initial plan choice intercepts:

Initial plan choice intercepts: 3-6 pm plan -0.067 (0.022)
3-6 pm plan -0.987 (0.670) 4-7 pm plan -0.297 (0.184)
4-7 pm plan -1.030 (0.693) 2-8 pm plan -0.278 (0.102)
2-8 pm plan -0.817 (0.614) Month intercepts:

Month intercepts: January 0.056 (0.093)
January -0.227 (0.116) February 0.018 (0.032)
February -0.142 (0.060) March 0.019 (0.009)
March -0.338 (0.080) April 0.230 (0.084)
April -0.206 (0.099) May -0.044 (0.054)
May 0.175 (0.073) June -0.607 (0.348)
June 0.864 (0.349) July -0.632 (0.321)
July 1.090 (0.322) September -0.106 (0.059)
September -0.247 (0.103) October 0.283 (0.066)
October -0.083 (0.046) November 0.188 (0.017)
November -0.275 (0.079) December -0.178 (0.072)
December -0.063 (0.037)

Mean-preserving spread parameters:
3-6 pm plan, flatten 0.922 (0.307)
4-7 pm plan, flatten 0.990 (0.461)
2-8 pm plan, flatten 0.944 (0.431)

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. † indicates
externally calibrated parameters. See Appendix F.4 for more details.
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Figure F.1: Average 15-minute bliss point by month
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Note: The figure 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 F.4: Model Fit: Targeted Moments, TOU-responsive Consumers

Model Data Model Data

∆ Consump. peak→off Av. consump./hr
Mean ∆: 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(∆, 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(∆, 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 2.97 2.77
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 0.91 0.91 Corr(cons., income):
Corr(shift, income): 3-6pm plan, August 0.47 0.41
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, June 0.00 0.06
3-6pm plan, July 0.00 0.06
3-6pm plan, August 0.00 0.00
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Table F.5: Model Fit: Targeted Moments, TOU-unresponsive Consumers

Model Data Model Data

Av. consump./hr Av. consump./hr
Mean: Mean:
2-8pm plan, August 3.16 3.14 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 4-7pm plan, August 2.60 2.61
3-6pm plan, August 2.97 2.77 3-6pm plan, August 2.64 2.58
3-6pm plan, September 2.48 2.23

Figure F.2: Model fit on untargeted moments
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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 F.6: Menu Design Counterfactuals: Equity Implications

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

Low-income High-income

First best:
No choice -152.3 -306.3
Choice + inattention, inertia -138.1 -246.3
Choice + inertia -34.6 -94.5
Max. utility -12.5 -61.4

Menu designs:
Base plans + optimize:

1 peak/off TOU plan 33.4 -22.5
2 peak/off TOU plans 33.7 -22.3

Note: This table splits 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.

Table F.7: Robustness to supply responses: 1 peak/off TOU plan counterfactual

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

surplus surplus costs

Baseline 39.7 9.2 1.0 -29.6 -9.0 -8.0
With supply response 39.9 9.2 0.7 -29.2 -8.7 -8.0

Note: In this table we show that the results are quantitatively similar and qualitatively unchanged if we include a supply
response. As discussed in the main text, this is because the changes in total demand are small compared to the total
market demand. In this robustness check we focus on the main counterfactual: optimal menu design with one TOU
plan. In order to compute the supply curve, we run the regression log(costh∗) = β0 +β1 log(quantityh∗), where h∗ is a
three-hour window around hour h (e.g. 1pm-3pm at h=2pm). We obtain elasticities at the hourly level for each of our
three pricing seasons. We smooth these elasticities across the hours of the day for each season. We then translate the
total change in demand in our model into a total change in damages and private costs including the supply response,
and recompute the counterfactual welfare.
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