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Abstract

The marginal cost of electricity fluctuates hour-by-hour, yet retail customers typically
face flat prices. Using data from all seven US wholesale markets and a new method to
evaluate alternative rates set in advance that accounts for equilibrium price effects, we
estimate efficiency gains from time-varying price schedules that better align price with cost.
We have three main results. First, time-of-use rates and critical-peak pricing, the two
most common time-varying rate plans, each correct about 10% of mispricing. Second, more
complex rate structures based on historical prices often backfire. Third, an alternative
structure, real-time pricing with price ceilings, can capture most potential efficiency gains.
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1 Introduction

This paper is concerned with the efficiency consequences of the mispricing of a key commodity,
retail electricity. Inefficient pricing is one of the cornerstone topics in economics, and there are
active literatures concerned with its persistence due to factors including market power (e.g.,
De Loecker, Eeckhout, and Unger 2020), environmental externalities (e.g., Fowlie, Reguant,
and Ryan 2016), speculative bubbles (e.g., Scheinkman and Xiong 2003), coarse pricing (e.g.,
Stevens 2020), and rate of return regulation (e.g., Cicala 2015). In the space of public utilities,
the efficiency consequences of inefficient pricing have been studied for water (e.g., Timmins
2002), natural gas (e.g., Davis and Kilian 2011), and electricity (e.g., Borenstein and Bushnell
2022a).

We study inefficient retail electricity pricing that results when customers face time-invariant
prices, whereas hourly costs vary substantially. We quantify the inefficiencies of the mispricing
of electricity and estimate the potential efficiency gains from a wide range of possible pricing
reforms using detailed measures of marginal costs taken from all seven wholesale power markets
in the US over two decades.

We estimate that inefficiencies from mispricing are on the order of $2 billion annually. Rela-
tively simple, feasible time-of-use rates and critical-peak pricing—which we refer to as dynamic
or time-varying pricing—can each reduce that deadweight loss by about 10%. On the other
hand, more complicated pricing schemes based on historical data often backfire because they
lead to poor out-of-sample performance. In a novel machine learning exercise, we demonstrate
that the vast majority of the efficiency gains come from a time-of-use plan having just two rates.
Our results provide guidance to rate setters regarding both the magnitude of potential gains
from time-varying prices and the types of reforms that have the most potential. we find little
gain to increasing time-of-use complexity, and we find robust evidence that basing critical-peak
rates on more timely cost information is critical for efficiency. Finally, we show that exposing
consumers to real-time wholesale prices while protecting them from extreme price risks using
price caps reduces mispricing much more dramatically than either time-of-use or critical-peak
pricing.

Our finding that time-of-use and critical peak pricing schemes are far less efficient than the
real-time benchmark uses a new methodology and more data but generally confirms results
from the prior literature (Borenstein 2005a; Borenstein and Holland 2005). Several of our
other results, however, are new and may be surprising to researchers and industry. We do not
know of prior evidence showing the potential for complexity to backfire due to out of sample
prediction, nor do we know of a study showing the potential gains of real-time pricing with
caps. Similarly, while prior research has discussed the potential importance of timeliness in rate

setting (Borenstein 2005b), we are unaware of prior research that quantifies the costs associated



with setting rates farther from events. Finally, our methodology allows us to compare a wide
range of alternative schemes in an internally consistent way.

The efficiency gains of time-varying electricity rates have long been of interest to economists,
but the topic remains timely for two reasons. First, more complex prices are now feasible due
to the large-scale adoption of advanced metering infrastructure, or smart meters, that enable
utilities to receive real-time information on consumer demand and to send real-time price signals
to consumers. Second, gains from better pricing are likely to rise due to market conditions.
At the heart of virtually every clean energy transition plan is the goal to rapidly build clean
power generation and electrify end uses. Electrification of transportation and buildings, as well
as explosive growth in data centers, has led industry to expect a step change in load growth
(North American Electric Reliability Corporation 2023; EFI Foundation 2024). Expansion of
renewable energy increases price volatility and raises the value of accurate pricing (Imelda,
Fripp, and Roberts 2024), though if grid-scale storage becomes ubiquitous, volatility could in
fact decline. Moreover, load growth is coming from sources that likely have considerable ability
to respond to time-varying prices, including electric vehicles (Bailey, Brown, Myers, Shaffer,
and Wolak 2024), heat pumps, and data centers.! Failing to set efficient prices for these growing
sources of demand would be a critical missed opportunity.

Economic theory advocates for “real-time pricing,” under which final electricity consumers
would face prices that vary at a high frequency according to the marginal cost of providing
electricity in a given moment. This allows market prices to signal the scarcity value of capacity,
as well as variation in the marginal cost of operations within an existing set of heterogeneous
generators (Boiteux 1949; Joskow 1976; Borenstein and Holland 2005).

Real-time pricing represents one endpoint on a spectrum, with the other endpoint being
entirely flat pricing schemes, where electricity rates are the same every hour. Time-of-use
(TOU) and critical-peak pricing (CPP) schemes lie between these extremes. TOU prices specify
rates for different hours of the day, days of the week, or seasons. CPP rates add a cost premium
to specific blocks of time (referred to as ‘events’) when a system is expected to be near capacity
based on the current or expected price in the market. Many hold to the view that real-time
pricing is too complex, confusing, or risky to impose on residential customers, and so a central
question of the literature has been whether feasible TOU and CPP prices can substantially
improve the alignment between cost and price. Utilities have been moving in this direction,
and many are now creating more and more complex rates.

We evaluate the potential gains from these commonly-applied rate structures, and also

!The flexibility of data centers is a debated topic, but we believe flexibility will be substantial because
key players are already demonstrating flexibility (e.g., https://blog.google/inside-google/infrastructure/how-
were-making-data-centers-more-flexible-to-benefit-power-grids/), utilities are making flexibility a condition of in-
terconnection (e.g., https://www.latitudemedia.com/news/can-pge-make-flexible-grid-connection-the-california-
standard/), and data centers can use backup generation to shave peak load, though this may raise emissions
(Knittel, Senga, and Wang 2025).



study an alternative in which consumers face real-time pricing, but the prices are subject to
aggressive price ceilings to protect them from extreme pricing events. The basis of our analysis
is equilibrium prices from wholesale electricity markets, which provide a granular measure of the
marginal cost of power in each hour. The basic idea of the paper is to ask how well alternative
retail pricing schemes can align the prices customers face with these marginal costs. Our data
span almost a million hourly prices. Where we extend our analysis to cover spatial variation
within each market, we have on the order of a billion prices.

We start our analysis by fitting alternative rate schedules onto historical wholesale prices
using standard regression tools. In every market and year, we show the goodness of fit of
alternative rate schemes with varying levels of complexity using the in-sample R?. This provides
a descriptive analysis of mispricing, and it also provides an approximation of efficiency costs
following Jacobsen, Knittel, Sallee, and van Benthem (2020). Intuitively, the R? measures the
efficiency gains achieved by a given rate schedule as compared to a flat-rate baseline, as a
percentage of the efficiency gains achievable by real-time pricing over a flat-rate baseline.

We adapt our methodology to address two issues: out-of-sample fit and equilibrium effects
of alternative pricing schemes. In practice, rates are set based on backward-looking data. We
develop an out-of-sample fit statistic that allows us to quantify mispricing resulting from setting
rates based on historical data benchmarked against a flat price based on the same historical
data. Our method also accounts for changes in equilibrium prices and quantities that would
result from a pricing reform. We estimate cost curves from industry data in each market
and demand curves based on load-response estimates from the literature. This provides an
improved estimate of the efficiency effects of informationally-achievable policies compared to
the simple in-sample R?. Our revised metric, the “equilibrium basis renormalized R?”, allows
us to approximate efficiency gains of many possible alternatives in a simple and transparent
fashion while accounting both for out-of-sample prediction and for the short-run equilibrium
price effects of alternative pricing structures.

We show that realistic TOU and CPP plans capture only a modest fraction, each on the
order of 10%, when averaged across markets and years, of the mispricing created by flat rates.
Increasingly complex TOU rates—for example, rates that vary flexibly by month of the year and
hour of the day—can do much more to align prices with marginal cost in the backward-looking
data, but when we recognize that rates must be set ahead of time, the value of complexity
reverses. More complex rates trained on historical data frequently fit future prices worse than
simpler rates. In doing so, we empirically characterize a textbook lesson from the statistical
learning literature: complicated functional forms have the potential to better explain variation
but are subject to overfitting and thus can perform worse out-of-sample (James, Witten, Hastie,
and Tibshirani 2021). This leads to a concave, non-monotonic relationship between out-of-

sample performance and model complexity with an interior optimum. In the case of TOU



pricing, our data suggest this optimum typically falls below 10 pricing tiers per year.

We evaluate CPP plans under a range of assumptions and calculate the marginal return to
adding events across years and markets. What matters most for CPP efficiency is the ability
of the utility to set CPP rates close to the events. In practice, utilities can call events up
to the day before (i.e., they decide when to use the CPP on short notice), but rates during
events are set in advance, often for multiple years, and are not allowed to vary across events
(i.e., they choose prices well in advance). We find that CPP rates set in this manner fail to
meaningfully improve efficiency, whereas pricing based on day-ahead prices for 20 yearly events
would capture 10% of the efficiency gain that real-time pricing could achieve.

A pricing-policy counterfactual in which customers face real-time pricing paired with price
caps achieves considerably larger efficiency gains than either TOU or CPP. Even in scenarios
where the price cap binds in 25% of hours, real-time pricing with caps achieves approximately
two-thirds of the efficiency gains of full real-time pricing. If the price cap is set higher, such
that it only binds in 5% of hours, the efficiency gain is over 90%. These price caps are not
extreme—between $28 and $72 per megawatt hour, depending on the power market—yet deliver
sizable efficiency gains. These efficiency gains are premised on the notion that customers can
respond to rapidly changing prices, which might be most realistic for automated load, as we
discuss below. As such, fully realizing the gains from real-time pricing may only be possible in
the future.

As long as a move towards (partial) real-time pricing is unlikely in the near future, our
results suggest that a combination of relatively simple TOU rates and a limited number of
yearly CPP days with rates set based on day-ahead prices strikes a balance between simplicity,
price uncertainty, and efficiency. An additional observation is that the gains from TOU and
CPP policies are mostly additive: when implemented in combination, the two policies deliver
17-20% of the efficiency gain under real-time pricing. This is because CPP targets idiosyncratic
price extremes, whereas TOU targets predictable cyclical variation in prices over days, weeks,
or seasons. While our analysis suggests that efficiency gains are achievable, much of the pricing
reform being rolled out by utilities today—often focusing on more granular TOU schedules and
CPP schemes that use uniform, pre-determined prices—may be relatively ineffective.

These conclusions complement findings in other areas of economics where simpler prices are
a constrained optimum. DellaVigna and Gentzkow (2019) find that US retailers use uniform
pricing across stores and that this has substantial efficiency costs. They suggest that managerial
and customer costs of price differentiation may explain the reliance on simpler pricing schedules.
Chu, Leslie, and Sorensen (2011) find that simple subsets of complex bundled pricing are nearly
optimal among firms selling multiple retail products. In our setting, this complexity might be
eschewed because of the difficulty in setting rates in advance.

Our findings also speak to a distinction suggested by Borenstein (2005b) between rate



granularity (how many different pricing tiers are there?) versus timeliness (how far in advance
must rates be set?). A big-picture question for rate designers is which dimension is most
valuable. Our results point firmly towards a greater importance of timeliness. Additional
granularity in TOU schemes quickly loses value—and can easily backfire—if granular prices
must be set ahead of time. Setting TOU rates ahead of time creates two sources of mispricing;:
not only will there be errors in matching the relative prices between tariff levels (e.g., peak
vs. off-peak), but also the average price will be wrong ex-post. We show that this second
inefficiency dominates the former, and therefore, what matters most in CPP and TOU schemes
is the ability to set rates close to the actual events. It also implies that the efficiency advantage
from real-time pricing not only stems from matching relative price differentials but also from
charging the right price on average.

Time-varying electricity pricing schemes have been extensively piloted and fully deployed
in some locations (Faruqui and Sergici 2010; Faruqui and Tang 2021), with several papers
evaluating consumer response and efficiency gains from critical-peak pricing (Wolak 2007 2011a;
Ito, Ida, and Tanaka 2018; Blonz 2022; Ito, Ida, and Tanaka 2023), time-of-use rates (Aigner
1984; Train and Mehrez 1994; Enrich, Li, Mizrahi, and Reguant 2024), and real-time pricing
pilots (Allcott 2011; Andersen, Hansen, Jensen, and Wolak 2017; Fabra, Rapson, Reguant, and
Wang 2021). Closest to our work is a prior literature that studies the benefits of alternative
schemes using market simulations. Our conclusion that TOU and CPP rates can capture only
a modest fraction of the potential gains of real-time pricing is similar to Borenstein (2005a),
Borenstein (2005b), Borenstein and Holland (2005), and Holland and Mansur (2006), but those
prior papers either used simulations based on hypothetical generator costs or deployed wholesale
market data from only one market. In contrast, we examine all major US power markets over
twenty years. We also differ by using a new, renormalized R? metric that accounts for out-
of-sample prediction, the equilibrium price effects of policies, and is directly tied to economic
welfare.? Our paper sheds new light on why complex, high-dimensional TOU policies have
limited potential and on the importance of errors in average prices when prices are set far
in advance.®> We additionally extend our equilibrium model to consider inter-temporal load-
shifting where demand can move across hours.

Before proceeding, we mention here three key caveats associated with the starting pre-

2 Also related is Schittekatte, Mallapragada, Joskow, and Schmalensee (2024), which studies recent data from
three wholesale power markets and reaches a more optimistic conclusion about TOU rates. The difference stems
from their focus on getting rank correlation of prices right within the day, consistent with a world of fully
automated demand that effortlessly reshuffles. In contrast to their approach, we link our measures of fit directly
to welfare measures and account for temporal load-shifting using recent empirical estimates.

3This aligns with the finding in Holland and Mansur (2006), which is based on two years of data from one
market, that monthly flat rates can outperform TOU rates, which they describe as surprising. Our conclusion
that getting average prices right in a period is more important than matching patterns, which is based on
additional markets, years, and alternative rates, as well as a different method to assess out-of-sample efficiency,
provides an explanation for their finding.



sumption of this paper, which is that we want retail rates to reflect the real-time variation in
wholesale electricity prices as a theoretical ideal. First, we abstract from fixed cost recovery,
or other cost components, that are included in customer bills, as well as from environmental
externalities. As pointed out by Borenstein and Bushnell (2022ab), these issues can also create
an important wedge between marginal costs and benefits, so passing through wholesale prices
to final customers can have more complex welfare interpretations when these other price wedges
exist. In the appendix, we compare the magnitudes of these different inefficiencies. Each of
these sources of inefficiencies—pollution, fixed cost recovery and cost variation—is important and
each requires a different solution. Owur primary analysis also ignores cost savings from not
building additional peaker plants if dynamic pricing reduces system peaks. In an extension,
we compare those costs to the benefits we calculate, noting that such investment savings could
further increase benefits from CPP and RTP schemes in particular.

Second, in reality, electricity customers may have limited rationality and may find real-time
price variation overwhelming. In particular, prior research has called into question the ability
of customers to understand marginal prices for electricity (Ito 2014), though evidence suggests
that improved understanding can be taught (Kahn and Wolak 2013). Jessoe and Rapson (2014)
show experimentally that it is essential to provide readily accessible information about price
surges in order to generate a response. These types of findings call into question whether
real-time variation in prices would really be as efficient as standard theory suggests, and we
interpret this as yet another reason why simple dynamic pricing schemes may be preferred to
complex ones in most settings. Existing evidence shows that automation increases demand
response, as one would expect (Gillan 2017; Bailey, Brown, Shaffer, and Wolak 2023; Blonz,
Palmer, Wichman, and Wietelman Forthcoming). As home automation expands, it may be
feasible to introduce additional complexity, but our results suggest this must leverage more
timely generation cost data (i.e., from wholesale prices), not just more rate granularity.

Third, we do not consider the distributional impacts of alternative rate designs, focusing
only on the aggregate efficiency implications. Shifts to alternative rate structures are likely
to create winners and losers among different customer groups. Burger, Knittel, Perez-Arriaga,
Schneider, and vom Scheidt (2020) and Cahana, Fabra, Reguant, and Wang (2024) consider
the distributional impacts of real-time pricing across income groups but do not consider the
implications of TOU and CPP programs.

This paper proceeds as follows. Section 2 gives background about electricity pricing in the
United States. Section 3 describes our data. Section 4 discusses our methodology. Section 5
presents the results for a wide range of potential pricing schemes. Section 6 presents a set of

refinements and extensions. Section 7 concludes.



2 Background and Institutions

In many cases, electricity consumers pay the same, or nearly the same, price to their electric
utility regardless of when they consume electricity. Data from the ETA suggest that, nationally,
90-95% of end-users face a flat price schedule (see Appendix Figure A.1 for a sector breakdown
and trends over time). However, the marginal cost of electricity generation varies substantially
across time. The generation required for low levels of demand is typically met by solar, wind, and
inexpensive baseload power plants, resulting in a low marginal cost of electricity. In contrast,
at high levels of demand, higher-cost peaker plants produce the marginal megawatt hour of
electricity. As a result, the marginal cost of electricity can frequently vary by multiple orders
of magnitude within a given day.

A wave of deregulation created wholesale electricity markets that yield prices which achieve
a real-time balance between supply and demand in ways that follow the textbook economic
recipe (Borenstein and Bushnell 2015). These prices, however, are rarely passed through to
final consumers who instead face prices that represent costs averaged over an extended time
period, often a year or more. This creates an inefficiency because end users purchase power
at prices that are well below the cost of provision in some hours and well above that cost in
others.

Historically, it was infeasible to measure electricity consumption in real time for each end
user, so this mispricing was a necessary compromise. As discussed above, with the advent
and roll-out of computerized “smart” electricity meters, high-frequency measurement at the
customer level is already a reality in most parts of the United States. Even so, real-time
electricity pricing has been met with considerable resistance from utilities and regulators, who
fear that consumers will complain about price surges and unpredictable bills. As one example,
the skyrocketing wholesale-market prices in Texas in the winter of 2021 made these concerns
especially salient, as a small group of customers who had opted into real-time pricing were faced
with electricity bills in the tens of thousands of dollars.*

As an alternative to real-time pricing, utilities have begun to set increasingly intricate
time-varying pricing schemes (Badtke-Berkow, Centore, Mohlin, and Spiller 2015; Faruqui and
Tang 2021). As an illustration, San Diego Gas and Electric uses a time-of-use pricing schedule
with four different peak periods that change depending on the month (see Figure 1). While
time-varying, these tariffs are set in advance; pricing is not adjusted based on realized market
conditions.

In addition, utilities are implementing policies such as critical-peak pricing, in which they
inform customers, typically a day in advance, about significantly higher rates the following

day. This usually happens during the hottest days of the summer when the grid is expected

“https://wuw.nytimes.com/2021/02/20/us/texas-storm-electric-bills.html
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Figure 1: A Time-of-Use Pricing Schedule from San Diego Gas & Electric
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Note: San Diego Gas & Electric “TOU-DR1” price schedule (the default residential electricity pricing plan) as
of May 2024. Summer prices (three of six prices) are displayed. New versions of the schedule (changes to at
least one of the price levels) were released 21 times between January 2018 and May 2024. Source:
https://www.sdge.com/total-electric-rates.
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to operate near capacity constraints. Most often, CPP price levels and hours of the day are
set in advance (for example, using data from the previous year), but events are called flexibly.
Southern California Edison, for example, calls 12 to 15 annual CPP events with each event
lasting between 4pm and 9pm on a given day, and it announces these critical peak events a day

in advance.?

The number of CPP events called each year, as well as the rate charged during
CPP events, varies across utilities.

The basic idea of TOU and CPP schemes is to better align wholesale and retail prices.
However, TOU and CPP schemes, by construction, create a limited number of unique prices
and/or affect a limited number of hours. If wholesale market price variation is large and
unpredictable, then simple TOU and CPP schemes may be too blunt of an instrument to
deliver the expected benefits.

Figure 2 provides an example to illustrate the limitations of a simple daily on-peak vs. off-
peak pricing scheme. In the graph, each dot is a wholesale market price from a node in the PJM
market for one summer week in 2019. The dotted blue line shows the best-fit two-rate schedule
based on in-sample data for the entire year, with the peak hours defined as 6 am to 8 pm. This
represents an improvement over a flat rate, but it falls far short of a true real-time rate. By
using the in-sample average for the year, we will get the average price right by construction, but
the peak-pricing scheme does not capture variation across hours within each day’s peak period,
variation across days, or variation across space within an hour. This pricing schedule thus fails
to provide efficient incentives to conserve electricity, though it does represent an improvement
over a single flat rate.

In reality, however, rates must be set ahead of time. This creates two potential sources
of mispricing: errors in matching relative price differentials between different tariff levels and,
importantly also, errors from getting the average price wrong. As an example, the peak pricing
schedule in the dotted red line in Figure 2 is the best fit schedule based on ex-ante predictions
for 2019 using pricing data from the previous three years. Relative peak vs. off-peak prices
remain similar to the in-sample prediction in the blue dotted line, but the average retail price
no longer matches the average price in the wholesale market overall in 2019. These features,
the substantial variation not accounted for by simple TOU rates, and the importance of out-of-
sample prediction errors in the level of prices, turn out to play a persistent role when analyzing

our full data set.

3 Data

The pricing data for this paper consist of locational marginal prices for all wholesale electric-
ity markets’ hourly auctions in the US: PJM (Mid-Atlantic and some Chicagoland), ISO-New

*https://www.sce.com/business/rates/cpp
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Figure 2: Wholesale Prices and On-Peak vs. Off-Peak Pricing Schedule
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Note: Data points in black are drawn from a random sample of 20 PJM network nodes in the 31st week of
2019. The dotted blue line represents the yearly in-sample optimal peak pricing schedule estimated using 2019
pricing data. The dotted red line represents the predicted schedule based on the preceding three years. Peak
hours are defined as 6am-8pm. Price outliers below $0 and above $150 are omitted for visual clarity.

England, New York ISO, ERCOT (Texas), MISO (Midcontinent), SPP (South Central), and
CAISO (California).% Together, these markets cover approximately two-thirds of the US pop-
ulation. We source these price data for the first six markets from SNL Financial, a subsidiary
of S&P Global Market Intelligence that collects the data directly from the Independent System
Operators (ISOs), the organizations that coordinate the operations of the electrical grid. The
data include both real-time (spot) and day-ahead (forward) prices, with each market’s data
beginning somewhere between 2000 and 2011 and ending in 2020. We obtain CAISO node-level
pricing data from 2009 through 2015 from an archive of downloads directly from the 1SO.” We
present some results using the full geographic data, but we often collapse the data across nodes
and use an hourly dataset at the ISO level due to a lack of nodal electrical load (quantity)

data. Results are shown at the ISO level unless labeled otherwise. We also source load data at

SRestructured wholesale electricity markets in the United States do not clear with a single price. Rather,
many “nodes” in the market are given their own locational marginal price, which represents the marginal cost of
providing electricity at that location in the network, accounting for transmission losses and congestion constraints.

"We are grateful to Akshaya Jha for sharing these data.
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the ISO-hour level from SNL Financial, who aggregated these data from each ISO’s FERC 714
filing. These data span from 2009 through 2020 for all markets.

Table 1 shows summary statistics. Mean electricity prices are usually in the $20-40 per
megawatt hour range, but prices are volatile and extreme pricing happens—either negative or
in the thousands of dollars per megawatt hour. This volatility is not completely eliminated by
collapsing to the hourly ISO mean.

To translate goodness-of-fit statistics into dollar deadweight loss (DWL) estimates, we need
measures of the slope of supply and demand. For the demand side, we take a linear functional
form and calibrate the slope using observed prices and quantities and an elasticity of -0.2 (see
Appendix A.1). We perform sensitivity analysis with alternative values of -0.1 and -0.3 in
Appendix B. We discuss load-shifting in Section 6.3 and extend the model by applying a range
of cross-price elasticities drawn from the literature.

For the supply side, we have collected merit orders—data on the engineering capacities and
marginal fuel and other operating costs of power plants in each ISO. We again source these data
from SNL Financial. We assign marginal costs for each facility by taking the sum of fuel costs,
emissions allowance costs, and other variable operation and maintenance costs. For renewable
sources, we first generate baseline capacity for each step by taking the product of the facility’s
maximum capacity and its capacity factor® over the relevant timeframe, and then calibrate
hourly generation using observed price and quantity pairs (see Section 4). For other sources,
we take the product of the facility’s capacity and 1 minus the equivalent forced outage rate
demand (EFORA).’

8The capacity factor is the ratio of a power generator’s production over the theoretical maximum possible
production under ideal circumstances.

9We source this parameter from various technical reports from the ISOs, assigning each facility the appropriate
average EFORd by generation type and ISO when possible. When these detailed data are unavailable, we instead
assign each facility the ISO-level average EFORJ (this is the case for SPP and ISO-NE).
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https://spp.org/markets-operations/integrated-marketplace/

4 Methodology

The primary empirical question in this paper is how well time-varying rates (TOU, CPP, or
RTP with caps) can approximate wholesale energy price fluctuations. We rely on a standard
“goodness of fit” metric, the R?, as well as variants of that metric appropriate to our situation.
We define and explain these metrics here.

Our analysis begins by partitioning the year into groups of hours and running regressions
that describe how much of the variation across all hours is explained by dummy variables

representing those partitions. These regressions take the following form:
yis = Y _ BrDfs + €is, (1)
k

where y;s is the wholesale price of electricity in hour 7 in sample s (where sample refers to a
specific year of data in a specific wholesale market), k& indexes the set of unique price tiers (there
is a unique k for every price charged), Dfs are indicator variables that are coded as one if a
given hour falls within the specific tier k, 85 are pricing-policy parameters to be estimated, and
€is 1s an error term. For example, for a peak pricing policy, there will be two k values—one for
on-peak, one for off-peak. 3, then gives the price during on-peak hours and 3,s; for off-peak.

After estimating such an equation for a given sample s, we first assume that the utility
charges the price Bk in each pricing tier k. This assigns to each block of hours the average
wholesale price in that block. Our focus is not on those prices per se, but rather on how well
those prices are able to match the pattern of prices in the wholesale market. Thus, we focus
not on the B coeflficients themselves but rather on goodness of fit statistics.

In-sample R?: We begin with the traditional in-sample R?, which is defined as one minus
the ratio of the sum of squared residuals from an ordinary least squares (OLS) regression divided
by the total sum of squares of the dependent variable. That is, R? = 1—->".(v;—9:)?/ >, (vi—1)?,
where y; is the dependent variable, 3 is that variable’s mean, ; is the predicted value, and
indexes the observations in the sample. The R? is bounded between zero and 1 when it comes
from a regression that includes an intercept term.

In our case, y corresponds to wholesale electricity prices and ¢ to retail prices charged to
customers. Implicitly, we imagine a utility would set the best possible rates given the allowed
degree of flexibility. Jacobsen et al. (2020) show that, under certain conditions, the efficiency-
maximizing rate can be found by simply running OLS regressions with indicator variables coded
as one for the hours when a given rate tier applies, as in our Equation (1). Intuitively, in any
given hour, the deadweight loss (inefficiency) from retail prices that differ from wholesale prices
is (approximately) proportional to the square of the difference between the two prices. Thus,

inefficiency is minimized by minimizing the sum of squared errors (differences between wholesale
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and retail prices) across all hours. This is exactly what an OLS regression does. In turn, this
means that the R? from this regression directly measures the fraction of the efficiency gain that
a given pricing scheme can achieve as the proportion of the efficiency gain that real-time pricing
could achieve over a baseline flat price.'”

This approximation is most accurate when demand and supply curves are close to linear,
there is little correlation between the slopes of demand curves and pricing errors across hours,
when there is little correlation between cross-hour elasticities and products of pricing errors,'!
and when equilibrium effects of policy are small (i.e., the observed price closely approximates
the price under real-time pricing). Correlation between cross-hour elasticities and products of
pricing errors is zero or small by definition when demand response is entirely or mostly within
an hour; i.e., if “load shifting” is small relative to the main demand response. When load-
shifting between hours is strong, then correlations with products of errors could appear, though
Jacobsen et al. (2020) show that the R? remains a good approximation in many cases. We
investigate cross-hour substitution in detail here using a range of possibilities for load-shifting
from the literature in Section 6.3.'> We find only small biases away from the R? measure,
and running in either direction (positive or negative correlations) depending on the setting.
Therefore for our main analysis below, we simplify the model to abstract from cross-effects.

Out-of-sample R?: The above in-sample analysis assumes that the optimal tariff schedules
prescribed by OLS are feasible in practice. In reality, utilities can only set tariffs in advance
based on past pricing data and cost projections. It is, therefore, the out-of-sample (OoS)
performance that matters. To incorporate an electric utility’s ability to set efficient prices into
our analysis, we derive several novel out-of-sample welfare metrics.

As an intermediate step, consider an out-of-sample R? statistic, which we label QoS RZ2,
that simply applies the standard R? formula to our out-of-sample price schedule. That is, it
uses the equation R? =1 —Y",(yi — 9i,008)%/ >_;(yi — §)?, where §; 0os are fitted values using
coefficients estimated from a different sample. For example suppose a utility uses 3 years of

data to choose a TOU pricing system for the year 2020: The coefficient estimates would be

ONote that a flat pricing policy has R? = 0 (regression on a constant), whereas R? = 1 for real-time pricing
(regression on a fully-saturated set of indicator variables for each hour 7 in each sample s).

" Jacobsen et al. (2020) provide conditions on cross-price elasticities where the R? approximation holds exactly.
When the products of price wedges are positively correlated with cross-price elasticities, welfare improvements
become lower than the R? would indicate (and vice versa). One potential source of correlation in marginal
cost across hours is due to ramping costs, which we abstract from in our analysis. Intuitively, correlation from
ramping should tend to make all three of the pricing policies we study perform somewhat better because they
spread demand out more evenly across the day. Ramping can be a significant factor in coal generator profits
(Borrero, Gowrisankaran, and Langer 2025), so in regions or time periods where coal tends to be on the margin
there could be some additional gains beyond those indicated by the R? we present.

128chittekatte et al. (2024) take a different approach. They focus on the rank correlation of prices with
marginal costs within a day, which is consistent with an assumption that all electricity load can freely shift
across hours. In that case, a simple R? may be a poor proxy. This scenario may someday be true if enough load
is fully automated. Our approach is instead to use recent empirical estimates of load-shifting to divide demand
responses into load-shifting and total reductions.
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derived from 2017-2019 data, but OoS R? is calculated using 2020 data with 7 still representing
the mean of the (realized) y;. In this case, it is possible that the R? becomes negative, which
means that the proposed prices created larger squared errors than would result from applying
an unbiased flat price (e.g., the in-sample mean for 2020).

The advantage of the QoS R? is that it is on the same scale as the in-sample R?>—both
statistics measure performance relative to 7. As in the case of the in-sample R?, the numerator
is a sum of squared residuals that is proportional to deadweight loss. Scaling this as a percentage
of the gains achieved by an unbiased flat tariff is, however, not obviously meaningful because
the unbiased flat tariff is not a feasible policy—it too requires information about the ez-post
realized mean price. A feasible benchmark is a flat rate based on an ex ante belief about the
mean prices in a period. Ex post, the error in that forecast means the flat rate is different than
the realized mean, which creates a negative R? using the traditional formula. If we evaluate
various TOU and CPP using the R? metric for a given sample, the out-of-sample R2 that each
scheme yields will be affected by the starting bias, which limits the meaning of any comparison
across markets and years.

Renormalized R?: Our preferred measure of out-of-sample goodness of fit is what we
label renormalized R?. It is the out-of-sample R? of a given policy of interest P minus the
out-of-sample R? of a flat tariff B given the same information (that is, using the mean price
from the estimation sample of past prices), divided by one minus the out-of-sample R? of the

flat tariff given the same information:

Rp — Rp

Renormalized R? = 1 RZB ,

(2)
where R?D is the O0S R? of the policy we want to evaluate and R% is the O0S R? of the equally-
informed flat tariff. This renormalized R? is equal to the percentage of deadweight loss recovered
by applying this policy relative to an equally-informed flat tariff.!> The benefit of using such
a metric is its ease of interpretation—a renormalized R? of 1 is equivalent to true real-time
pricing (as is the case for the in-sample R?), and a renormalized R? of 0 is welfare-equivalent
to the best flat tariff given the information the policymaker has ex-ante.*

Equilibrium Effects: The final extension we make to the R? method concerns the left-

hand side of the regression. In previous analyses, the regressand was the observed wholesale

13To see this, let P,B,U be the OoS policy to be evaluated, the equally-informed flat tariff, and the un-

2 p2
biased flat tariff, respectively. Then, substituting using the result from Jacobsen et al. (2020): RfiR};B =
{_DWL(P) 1_DWL(B) DWL(B)—DWL(P) B
( _DWL(U))_( _DWL(U)) DWL(U) -1 DWL(P)
1_(1_DWL(B)) - DWL(B) - DWL(B) "
DWL(U) DWL(U)

1Note that this is on a different scale than the in-sample R?. Both are linear in policy deadweight loss with
a value of 1 representing real-time pricing, but a value of 0 represents the deadweight loss from either unbiased
or biased flat pricing for the in-sample and out-of-sample, renormalized R?, respectively.

15



price since it represents the per-unit cost of electricity of the marginal generator. This has
a direct welfare implication for a TOU program that affects a small portion of the market,
but we are also interested here in the welfare implications of broad adoption. In that case,
because the short-run wholesale supply curve is sloped, the marginal cost of electricity varies
with equilibrium in the market.

The R? method described above would suggest that the first-best counterfactual real-time
pricing schedule would be a replication of the wholesale prices we observe in the data (which we
call the “observed basis”). However, this policy would change the marginal cost of electricity
in equilibrium; the first-best real-time pricing schedule is therefore a function of an equilibrium
outcome. For small shifts in retail prices, like those usually prescribed in peak/off-peak rules,
these equilibrium effects will be relatively minor, leaving the observed basis R? a good approx-
imation of the true deadweight loss ratio. However, for greater absolute changes in price, like
those implied by CPP or complex TOU schemes, the equilibrium effects may be significant.

We address this possibility by simulating equilibrium prices under real-time pricing and
under the out-of-sample price schedule in question. In all of our out-of-sample analysis (with
the exception of the analysis of locational pricing in Section 6.2), we then evaluate policies
using simulated equilibrium prices and refer to this approach as the “equilibrium basis.” We
generate policies using regressions of simulated equilibrium prices on policy indicators, and then
construct the renormalized R? metric using the deadweight losses implied by hourly supply and
demand curves. This approach also allows us to account for convex generation costs when
computing efficiency losses. We discuss the construction of supply and demand curves in detail
in Appendix A.1. Although our qualitative conclusions are similar between the observed base
and equilibrium approaches, this methodology allows greater precision especially during peak
periods.

Operationalization of Policies: Our regression-based methodology allows for the evalu-
ation of any arbitrarily shaped price schedule. Here we discuss the method used for producing
TOU and CPP price schedules generally; the specific schedules explored appear in Section 5.

For all out-of-sample results shown in the paper, we assume that price data from the three
previous years are used to create the listed year’s price schedule. Other papers in this literature
have used a similar prediction time window (Schittekatte et al. 2024). The numbers of years
chosen reflects a tradeoff between including information about recent price patterns and reduc-
ing the influence of noise. In Appendix B, we vary the number of years we use as the training
sample and find no significant trend in the resulting R?. This suggests that there are few pre-
dictive gains to increasing the number of years used. In specifications using the observed basis,
the regressand is the observed real-time price. In specifications using the equilibrium basis, the
regressand is instead the simulated real-time equilibrium price.

When applying TOU pricing schemes we consider varying degrees of complexity using a set
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of indicators and their interactions. To capture typical within-day variation, for example, we
define “peak” as an indicator equal to 1 during hours of high expected prices and 0 otherwise.
We define the set of peak hours using an in-sample variant of the best subsets selection algorithm
(described in more detail in Appendix A.2). In most markets, this amounts to a day/night
indicator, with the exception of ERCOT, where the algorithm chooses peak hours as noon
through 6pm.'®> Energy-use patterns also vary between weekends and weekdays, so we introduce
a “weekend” indicator variable to represent this. Finally, energy prices vary seasonally as well,
so we define “season” as an indicator equal to 1 from April through September and 0 otherwise.
In defining some more complex TOU schemes we also use hour of day, day of week, and month of
year indicators in a similar fashion. To define CPP policies, we order days by their peak-period
price, assign the top-n days a critical-peak price based on either forward or spot prices, and
assign all other hours an off-peak price. For further details on CPP schedules, see Appendix
A3.

5 Results

5.1 In-Sample Results

We begin with the observed-basis in-sample analysis as a benchmark, showing results across
years and markets at the ISO level.'® That is, for a given pricing policy, we use OLS to define
the optimal in-sample price schedule and interpret the R? of this regression to be the proportion
of deadweight loss recovered relative to the deadweight loss with a flat price. As discussed, these
efficiency gains are not actually achievable in practice (since prices are set using historical rather
than contemporaneous price data) and so this exercise provides an upper bound on the possible
efficiency gains of dynamic pricing policies.

Figure 3 shows the in-sample R? for three candidate TOU policies and one candidate CPP
policy across all market-years in our sample. The R? values vary by year and market. The
top-left panel shows that the simplest peak pricing policy explains, on average, 8.9% of the
total variation in wholesale prices (median: 7.2%). While small as a percentage, we show below
that these gains are still economically significant. Additional complexity increases potential
efficiency gains in this in-sample context: gains are weakly increasing when adding variables
by construction. These gains turn out to be economically meaningful in our context. Means
(medians) of the R? in the remaining three panels are 0.099, 0.216, and 0.231 (0.080, 0.208, and
0.224), respectively. Table 2 reports an expanded range of policies for one market, PJM. This

shows clearly that increasing complexity, using observed-basis prices and analyzing in-sample

5For other markets, we use 6am-8pm (PJM/ISO-NE/MISO/SPP), 7am-8pm (NYISO), and 10am-10pm
(CAISO).

'In general, ISO-level R%s are somewhat lower than node-level R%s, as we are mechanically removing any
variation in price across locations. See Appendix Tables C.1 and C.2 for a comparison of in-sample regressions.
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fit, strongly improves efficiency. The most detailed pricing policy recovers over 50% of the
efficiency benefits of real-time pricing, but such a scheme would require 24 * 7 * 12 = 2,016
different prices (set for each day-of-week by hour-of-day by month combination). This is not
a tariff scheme that any utility would realistically consider, but we think it serves as a useful

upper bound.!”

Figure 3: In-Sample Efficiency Gain of Different TOU and CPP Designs

Peak Peak x Weekend
05

0.4 -

Relative Efficiency Gain

2000 2004 2008 2012 2016 2020 2000 2004 2008 2012 2016 2020

Year

- PJM ISO-NE NYISO -4 ERCOT MISO  —- SPP e CAISO

Note: Each point shows the observed-basis in-sample R? for a regression of wholesale prices on indicator variables
representing the given policy in a market-year. “CPP” constitutes a set of 20 indicators equal to 1 during each
of the 20 highest price peak periods throughout the year and 0 otherwise. Note that temporal coverage varies
across markets due to data availability.

"Tn addition to the efficiency gains discussed here, time-varying pricing increases profits for utilities. The
reason is that a mean-preserving change to a flat tariff increases (decreases) prices during higher (lower) marginal
cost hours, shifting load away from hours where the utility suffers losses and towards hours where it makes profits.
This introduces the possibility of lowering fixed utility bill charges. See Appendix Table B.2 for details.
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Table 2: R? from In-Sample Electricity Tariff Regressions - PJM

Pricing Scheme 2003 2004 2005 2006 2007 2008 2009 2010 2011
Flat Tariff 0 0 0 0 0 0 0 0 0

Peak 261 216 206 .136 .171  .199 127 128 .092
Peak x Weekend 291 245 240 .160 .192 208 .143 .141 .108
Peak x Season 277 225 216 150 185 282 207 .153  .125

Peak x Weekend x Season .308 .257 .250 .177 .207 .291 .224 .168 .143
Peak x Weekend x Month  .365 .335 437 .282 .263 .391 .370 .293 .206

Hour x DoW x Month 601 .601 .665 481 .490 .611 558 .493 411
CPP, 20 Events 168 123 158 .305 177 172 231  .259 .360
Pricing Scheme 2012 2013 2014 2015 2016 2017 2018 2019 2020
Flat Tariff 0 0 0 0 0 0 0 0 0

Peak 114 120 017  .050 .131 .075 .034 .041 .089
Peak x Weekend 136 143 .029 .057 .153 .085 .039 .052 .105
Peak x Season 125 137 .050 .070 .150 .089 .054 .048 .100

Peak x Weekend x Season .149 .160 .067 .078 .172 .101 .061 .059 .115
Peak x Weekend x Month .236  .204 .187 .246 .232 .150 .240 .086 .208
Hour x DoW x Month A37 0 .398  .349 444 500 .356 .361 .312  .453
CPP, 20 Events 308 .349 493 382 193 263 .365 .174 .143

Note: Cells of this table present R? values for regressions of the hourly ISO-average price of electricity observed in
the PJM wholesale market in a given year (given by the column) and a given set of independent variables which
define a time-of-use or critical-peak price schedule (given by the row). Peak hours are defined as 6am-8pm.
Season is an indicator variable splitting the year into April through September and October through March.
Versions for other markets are found in Appendix Table C.1. Versions at the node level are found in Appendix
Table C.2.
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We also find significant cross-market heterogeneity—prices in MISO and PJM are generally
better matched by simple intermediate TOU pricing schemes than those in ERCOT or CAISO.
This suggests that the performance of pricing policies is highly market-specific; some markets
experience substantially higher efficiency gains from time-varying pricing than others. We assess
how these cross-market differences in efficiency depend on the generation mix and weather
variables in Appendix Table B.4. We find some limited evidence that R? is larger in markets
with higher fossil generation shares, and lower in markets with higher penetration of renewables,
hydro, and nuclear. This is consistent with the common prediction that increased renewables
penetration leads to increased price volatility. This would suggest that, as the energy transition
progresses and fossil generation declines, we will see smaller relative welfare gains for TOU
policies, strengthening the case for true real-time pricing. One might also expect that markets
with more extreme weather exhibit more volatile pricing, resulting in lower R2, but we do not
find evidence to support this hypothesis.

The in-sample R? for the CPP policy (represented by a regression with indicator variables
for each of the 20 highest peak price periods) is similar in both mean and variance to the peak
x weekend x month policy. The R? of the CPP policy has an interquartile range between 0.148
and 0.306, and the R? of the complex TOU has an interquartile range between 0.117 and 0.295.
This suggests that, in-sample, the potential efficiency gains of CPP policies are similar to those

from a rather complex TOU policy.

5.2 Out-of-Sample TOU Policies

We now turn to the efficiency gains possible with more realistic, out-of-sample policies. Are
historical prices informative enough to produce efficiency-improving price schedules, and do
they offer economically meaningful improvements? We use the equilibrium-basis renormalized
B2 metric described in Section 4 to consider policies set using out-of-sample data. The renor-
malized R? represents the proportion of deadweight loss that is recovered by the policy relative
to an equally-informed (i.e., set using the same historical dataset) flat tariff. This concisely
summarizes the aggregate efficiency gains available. Our simulation method also allows us
to explore further decomposition below. The results in this section differ from the prior re-
sults both in that they use out-of-sample data and in using simulated real-time prices as the
dependent variable.

Figure 4 shows R? values for out-of-sample TOU policies. In general, R? values are low
for out-of-sample TOU policies. These low R? values persist for complex policies. The means
(medians) of the four panels in Figure 4 are 0.095, 0.103, 0.111, and 0.071 (0.084, 0.092, 0.107,
and 0.097) respectively. The standard deviation (interquartile range) of the R? values is gener-
ally increasing in policy complexity, with values for the four panels of 0.059, 0.066, 0.084, and
0.166 (0.079, 0.085, 0.082, and 0.112) respectively. In contrast to the in-sample analysis, our
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Figure 4: Out-of-Sample Efficiency Gain of Different TOU Designs

Peak Peak x Weekend

Peak x Weekend x Season Peak x Weekend x Month

Renormalized R2

2012 2014 2016 2018 2020 2012 2014 2016 2018 2020
Year
-~ PJM ISO-NE NYISO -4 ERCOT MISO —- SPP e CAISO

Note: Each point represents the equilibrium-basis renormalized R? for a given TOU policy in a given market-
year, using the simulation methodology described in Section 4. Season splits the year into two 6-month periods,
beginning in April and October. CAISO ends in 2015 and ERCOT begins in 2014 due to data availability issues.
Versions with alternative demand elasticities of —0.1 and —0.3 appear in Appendix Figure B.2. A version using
observed-basis R? is in Appendix Figure B.3.

out-of-sample evaluation shows no gain—and even a loss after a certain point—from additional
complexity.

This highlights a critical tradeoff between complexity and prediction accuracy. For a peak
pricing policy, the utility only needs to correctly gauge the price differential between two groups
of hours. For the peak x weekend x month policy, they must accurately set a 48-part tariff.
As policies grow more complex, price schedules are determined using fewer observations per
price category in the training data, and the category-specific mean prices in the test data are
also more volatile for the same reason. We provide a more direct comparison of in-sample and
out-of-sample accuracy in Appendix Figure B.1.

The renormalized R? results are robust to our choice of the price elasticity of demand.
Appendix Figure B.2 shows that choosing -0.1 or -0.3 as opposed to our base value of -0.2 has
very little impact on the R? results, but it does meaningfully affect the magnitude of total
DWL. Likewise, the result that there are diminishing (and even negative) returns to TOU

complexity is similar when using observed wholesale prices instead of simulated real-time prices
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(see Appendix Figure B.3).!® Our main conclusions are also robust to variation in the number
of years used for training the data to set prices—see Appendix Figure B.5 for details.

We conclude that, for the markets and years in our study, simple peak pricing delivers
most of the potential efficiency gains from TOU pricing. Added complexity, where it does
render additional benefits, leads to a tradeoff between additional average welfare gains and an
associated increase in the variance in those gains, and also to an increasing risk of performing
worse than flat pricing.

An advantage of our simulation approach is that we can adjust our policy price schedules to
evaluate why promising in-sample policies fail to deliver out-of-sample. We focus on two sources
of misprediction: getting the average price wrong and getting the “shape” of the optimal price
schedule wrong. The average price can be wrong because the average wholesale electricity price
varies from year-to-year—therefore the mean price in-sample need not equal the mean price
over the last three years.!” To decompose the impact of this mispricing, we define a “mean-
corrected” price schedule that vertically shifts the policy price schedules to match the mean in
the year where the policy is applied.

The error remaining in this mean-corrected schedule comes from the difference in prices
between sets of hours differentiated by the policy; i.e., getting the shape wrong. For example,
absolute levels notwithstanding, if the optimal policy would charge $20 per megawatt hour more
in peak hours than off-peak hours, an out-of-sample policy charging only $15 per megawatt hour
more in those hours constitutes an error. By comparing the deadweight loss of out-of-sample,
mean-corrected price schedules with in-sample price schedules, we are able to quantify the
efficiency losses attributed to these “shape” errors versus the efficiency losses from inaccuracy
in the mean price level.

Table 3 shows the simulated deadweight loss associated with two pricing policies in each
of our markets, averaged over the years of our sample.?’ As reflected in the R? values, the
difference between the “biased flat” and the two out-of-sample columns shows that there is a

modest efficiency gain from implementing these out-of-sample TOU policies. The nationwide

8The mean R? using the observed wholesale prices is lower, however, as price spikes in observed prices are
more extreme than under equilibrium pricing. Consequentially, the observed basis overweights the deadweight
loss associated with the highest price hours—see Appendix Figure B.4 for details. This demonstrates why the
equilibrium simulations are necessary to fully understand the welfare impacts of intermediate policies.

9Note that the “mean prices” in question are the means of the simulated real-time prices, not those of the
observed wholesale prices.

2ONote that the in-sample DWL values in this table are derived from our simulated equilibrium prices, in
contrast with the R? values used in Section 5.1, which use observed wholesale prices. The relative pattern of
results is robust to whether we use the observed or equilibrium-basis prices, but the total dollar numbers are lower
when using the equilibrium-basis prices. Thus, we conclude again that the qualitative results about complexity
and predictions out of sample are not driven by our method of establishing counterfactual real-time prices, but
the total efficiency gain in dollars is more sensitive. As explained in Section 4, simulated equilibrium prices
are superior to observed prices as the latter fail to account for equilibrium adjustments caused by the pricing
schemes.
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Table 3: Out-of-Sample Deadweight Loss by Market

Peak Peak x Weekend x Month
ISO Biased Out-of- Mean- In- Out-of- Mean- In-
Flat Sample  Corrected  Sample Sample  Corrected  Sample
PJM 505 462 306 304 453 299 193
ISO-NE 243 237 181 181 239 187 103
NYISO 210 197 145 145 198 146 91
ERCOT 663 594 521 521 581 505 431
MISO 237 199 136 135 201 138 106
SPP 131 117 91 91 119 94 80
CAISO 207 193 118 118 200 122 107
All ISOs 2196 1998 1497 1493 1991 1491 1111

Note: This table presents estimated DWL figures (in millions of dollars per year) for two potential policies across
markets (averaged over the period 2014-2020) with an assumed demand elasticity of —0.2. The biased flat column
represents DWL from an out-of-sample flat tariff equal to the previous three years’ mean. The out-of-sample
columns represent the DWL from the tariffs generated with data from the three years preceding the listed year.
The mean-corrected columns are the same, but tariffs are shifted to align the mean of the tariff with the true
real-time mean price in the listed year. The in-sample columns represent the DWL from the tariffs generated

with data from the listed year.

efficiency gains relative to the biased flat policy are ~$198 million per year for the peak policy
(the difference between the DWL of $2,196 million for the biased flat policy and the DWL of
$1,998 million for the out-of-sample peak policy) and ~$206 million for the peak x weekend
x month policy (the difference between the biased flat DWL of $2,196 million and the peak X
weekend x month DWL of $1,991 million)?!, with significant heterogeneity across markets.
The hypothetical in-sample peak policy reduces DWL by ~$505 million relative to the QoS
peak policy, nearly all of which is due to getting the average price right, not better fitting the
relative price movements. For the more granular policy, the hypothetical in-sample policy would
reduce DWL by ~$880 million relative to OoS, of which 57% is due to getting the average price
right and the remaining 43% from fitting the shape of price movements more precisely. These
results highlight the inherent weakness of TOU pricing that is often discussed in the literature—
tariffs must be set using historical prices, which ex-post will be a poor fit for realized relative
price changes. Our analysis highlights a different reason why TOU pricing underperforms
relative to real-time or critical-peak pricing: despite the focus on price fluctuations as motivation
for CPP and real-time pricing, getting the average price level right appears to be the more

important benefit of real-time pricing.

21These numbers do not line up arithmetically because of rounding.

23



In summary, TOU policies are limited in the efficiency gains that they can achieve, but a
simple peak vs. off-peak tariff can still recover about 10% of the efficiency gap with real-time
pricing—varying from 0-25% across markets and years—and is straightforward to implement.
Additional gains to implementing more complex policies are small because predicting the shape
of the optimal tariff becomes more difficult as the number of price levels increases.

Finally, we note that we focus solely on the failure of retail prices to pass real-time price
variation on to end users. In doing so, we abstract from two other major inefficiencies present
in retail electricity pricing: externalities from pollution and inefficient recovery of fixed costs
through volumetric rates. In Appendix Table B.6, we investigate the size of each of these
inefficiencies in isolation, as well as the extent to which they may offset each other. We use a
$190 social cost of carbon and add $77.7 per MWh to the retail price in each hour to account
for inefficient fixed cost recovery (based on Borenstein and Bushnell 2022a). As expected, the
deadweight loss from these factors is quite large, though they partially cancel each other out
(as noted in Borenstein and Bushnell (2022a)). Even so, the deadweight loss from flat pricing
is meaningful, at around a quarter the value of the deadweight loss from average mispricing
taking the net of pollution and fixed cost pricing. Reforms that could rationalize fixed cost
recovery and price pollution would have large benefits, though these have proven elusive. See

Appendix B for more details.

5.3 Out-of-Sample CPP Policies

We now use the same methodology, the equilibrium-basis renormalized R?, to evaluate potential
CPP policies and their performance out-of-sample. We focus on how the design of CPP policy
impacts its efficiency. How are events called? How are prices set? How many events are allowed?
While our focus with TOU policies was on their ability to project optimal price schedules a year
in advance, a CPP policy that uses day-ahead or real-time price information to call critical-peak
events and set critical-peak prices is feasible and may able to match wholesale prices better and
generate larger efficiency benefits per hour affected. This leads us to also explore variation in
what information is used to set CPP rates that is different from our analysis of TOUs.

In this section, we assume that CPP rates are introduced on top of an otherwise flat rate.
This allows us to isolate their efficiency potential. In the next section we demonstrate the
interaction of CPP and TOU rates.

We define a critical-peak event using the same hours of the day as TOU peak/off-peak
pricing, but only a limited number of days of the year will be subject to a critical-peak price.
By contrast, all off-peak hours and all peak hours on non-event days receive the same flat rate.
Critical-peak events can be called a day in advance using price information from the day-ahead
market.

Utilities have a number of options regarding the structure of prices charged during these
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critical peak events. Our default throughout this paper is event-level pricing, which assigns a
unique price for all hours during each critical peak event called. In this case, we assume that
utilities will charge a price based on the average day-ahead price for each peak period.?? As an
alternative we consider hour-level pricing that assigns a unique price to each hour of each critical
peak event—this is between 7 and 16 times as granular as event-level pricing, depending on the
number of hours in the peak period. In the opposite extreme, “single” event pricing assigns just
one uniform price to every hour of every critical peak event across the year—overwhelmingly,
this is the pricing structure that utilities use when implementing CPP policies.?® In principle,
utilities could call critical peak events in real time and charge a real-time price, but this is far
removed from standard practice. Typically, utilities call events around one day in advance,
which increases the margin of error for calling events and therefore decreases the efficiency
gains.??

Figure 5 shows the renormalized R? of CPP policies varying across the number of events
called, with each panel representing a different critical-peak pricing structure. Most strikingly,
our results show that using a single price for all peak events prevents most meaningful efficiency
gains—even with 40 events, no market averages even 5% deadweight loss recovery (and SPP
is even negative on net). In effect, this policy becomes a TOU peak policy that only affects a
small number of days per year. In principle, this could be more effective than the TOU peak
policy, as it would allow the policymaker to more precisely target high-price events. However,
we do not find this to be the case in our data. In contrast, a CPP with 20 event-level prices
can consistently recover a significant amount of deadweight loss, with a mean (median) R? of
0.092 (0.074). We see little to no change in efficiency from further increasing the granularity to
event pricing at the hour-level.

In general, these results suggest that the gains from CPP policies that are priced and called
based on day-ahead markets are similar to those from the simple TOU policies in Section ?7.
The mean deadweight loss across all market-years for the biased flat policy is $321 million.
With 20 CPP events, it is $273 million, and with 40 events, it is $259 million. The average
for the best-performing TOU policy (peak x weekend x season) is $285 million. The overall

22We use predicted values from a regression of mean simulated equilibrium prices on mean day-ahead prices
during peak periods to set event-level prices. See Appendix A.3 for details.

23We set this price to the mean of all event-level prices across the year—equivalently, this is the mean of the
simulated equilibrium prices as predicted by the observed day-ahead prices among all critical peak hours. Note
that this is too optimistic as, in practice, the single price would be set a year in advance, but we show below
that even this optimistic version hardly achieves any efficiency gains.

24 An additional question relating to CPP policy design is how accurately utilities can predict the peak periods
with the highest prices throughout the year. Most active CPP policies have a fixed maximum allotment of CPP
days per year (usually between 10 and 20). We assume that the utility calls event days with perfect hindsight.
In reality, the utility must solve an optimal stopping problem to determine when they should call these critical
peak events. We abstract from this and instead compare the performance of CPP policies that call and price
with either day-ahead or real-time prices. Note that calling and pricing based on day-ahead prices serve as the
default in all other figures in this text.
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Figure 5: Out-of-Sample Efficiency Gain of Different CPP Designs
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Note: Each point represents the mean equilibrium-basis renormalized R? for a given CPP policy in a given
market, using the simulation methodology described in Section 4. Means are taken across years between 2014-
2020, although CAISO ends in 2015 and ERCOT begins in 2014 due to data availability issues, and SPP begins
in 2015 as their day-ahead market began in March 2014. Prices are based on and called on day-ahead prices.

26



economic magnitude remains somewhat limited, although closing the efficiency gap relative
to real-time pricing by approximately 10% is still a meaningful improvement. As with TOU
pricing, the efficiency gains from CPP policies vary significantly by market, with 20 events in
ISO New England showing large gains close to 17% but SPP achieving just above 3%. This can
be explained in part by differences in predictive accuracy in the day-ahead market. Regressions
of real-time prices on day-ahead prices yield R? values well below 1. This demonstrates that
a sizable component of the variation in real-time prices cannot be predicted even a day in
advance, though forward markets in some ISOs explain more of the variation in spot prices
than in others (see Appendix Figure B.6 for details).

We now consider the efficiency gains from allowing utilities to set appropriate prices shortly
before these events occur. We also vary whether the critical peak event prices are defined based
on the day-ahead price data or on the real-time price data. We consider the case of event-level
pricing unique to each event window.

Figure 6 presents the results of CPP policies that are called and priced based on day-ahead
vs. real-time prices. The top-left panel presents the same results as the top-left panel of Figure
5—this is the “realistic” scenario that allows the utility to call and price events based on day-
ahead market information. Broadly, we find small benefits to increasing either price accuracy
or event-calling accuracy, but larger benefits from increasing both. As before, with 20 CPP
events, calling and pricing on the day-ahead market results in a mean (median) renormalized
R? of 0.092 (0.074). Calling events based on real-time prices leads to slightly higher R? at 0.102
(0.099), and pricing events real-time also leads to somewhat higher R? at 0.111 (0.0129). When
both calling and pricing in real time, however, R? increases much more to 0.157 (0.149). This
suggests that, while an ex-post real-time CPP policy closes an additional ~ 7% of the efficiency
gap with real-time pricing, a more feasible implementation using day-ahead calling and pricing
can still meaningfully improve efficiency.

We are not aware of any prior studies that systematically demonstrate how the efficiency
gains from CPP relate to these underlying design features. Of special note is our finding that
pre-specifying a single event price for the year ahead of time sharply limits the value of CPP
plans. This stems from the fact that there are large differences in equilibrium prices among
the peak days within each market-year in the data and from our assumption that there will
be meaningful differences in demand response across “peak” and “super peak” days. This may
run counter to the intuition of some because prior studies have suggested that many customers
have a binary response to pricing events (Wolak 2011a; Gillan 2017). But, as long as there is
still slope in the aggregate demand response, getting the price differences right among the very

highest price days will still have efficiency gains.
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Figure 6: CPP Price and Call Comparison
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Note: Each point represents the mean equilibrium-basis renormalized R? for a given CPP policy in a given
market, using the simulation methodology described in Section 4. The two panels on the left price based on
day-ahead prices and the two panels on the right price based on real-time prices. The two panels on top call
on day-ahead prices, and the two panels on the bottom call on real-time prices. Means are taken across years
between 2014-2020, although CAISO ends in 2015 and ERCOT begins in 2014 due to data availability issues,
and SPP begins in 2015 as their day-ahead market began in March 2014. Each CPP event is assigned a unique
critical-peak price.
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5.4 Are TOU and CPP Policies Complementary?

In the previous two sections, we discussed whether or not TOU or CPP price policies are
effective at improving efficiency out-of-sample, and we found mean renormalized OoS R?’s of
approximately 10% each. TOU schedules attempt to match the typical fluctuations in electricity
prices, and CPP events attempt to match spikes in electricity prices. As they serve different
purposes, this raises the possibility that they are largely complementary and could lead to a
larger efficiency gain when applied simultaneously.

Concretely, what we mean by complementary policies is that their DWL gains (and thus
their R?s) are additive when layering the two policies on top of one another. To empirically
investigate this, we define a set of CPP policies jointly with various TOU policies. To isolate
the efficiency gains of the additional CPP events, in addition to renormalizing to a flat baseline,
in each panel we subtract the renormalized R? values of the respective TOU policy with zero
critical-peak price events.?”> Algebraically, this is the difference in DWLs between the TOU-
only and the joint policy divided by the DWL of the flat policy—if the policies are perfectly
orthogonal, this metric will have the same value regardless of the underlying TOU policy.

Figure 7 presents the results, which align with the hypothesis that TOU and CPP are largely
complementary. The top-left panel presents the same results as the top-left panel of Figures 5
and 6. The next three panels present the same, but with increasingly complex underlying TOU
schedules. R? values decrease slightly as underlying policies become more complex. For a CPP
policy with 20 events, the mean (median) value for the policies described by the four panels is
0.095, 0.068, 0.065, and 0.058 (0.077, 0.044, 0.037, and 0.043), respectively. This suggests that,
on average, less than half of the efficiency gains of CPP would be subsumed by a pre-existing
TOU policy. This is more present in some markets than others—ERCOT and MISO incur more
significant cannibalization, while efficiency gains in ISO-NE are closer to perfectly orthogonal.

These results suggest that TOU and CPP policies provide separate and largely comple-
mentary efficiency gains in retail markets. The approximately 10% DWL recovery from TOU
and the approximately 10% DWL recovery from CPP, accounting for a mild overlap, result in
a mean 17.2% DWL recovery for a policy with 20 CPP events with a peak x weekend policy
underlying it—with 40 CPP events, this increases to 19.6%. This is a meaningful efficiency gain
that seems quite feasible to achieve, so long as utilities are disciplined in the number of TOU
rates they choose to set and judiciously use recent price data to create event-level critical-peak

prices. Even so, it does not come close to the efficiency gains from real-time pricing.

25This mechanically sets the zero-event CPP policy to a renormalized R? of zero, as in the previous CPP
figures.
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Figure 7: CPP with Underlying TOU Policies
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Note: Each point represents the mean differenced equilibrium-basis renormalized R? for a given CPP policy in
a given market, using the simulation methodology described in Section 4. Means are taken across years between
2012-2020, although CAISO ends in 2015 and ERCOT begins in 2014 due to data availability issues, and SPP
begins in 2015 as their day-ahead market began in March 2014. Prices are based on and called on day-ahead
prices. Each CPP event is assigned a unique critical-peak price.
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5.5 Real-Time Pricing with Price Caps

So far, we have focused on TOU and CPP because these are the time-varying pricing policies
that have been implemented in practice. They are also “manageable” from the perspective of
the effort needed from a customer to respond to price signals. In contrast, real-time pricing
has drawn skepticism as it might be challenging for customers to effectively respond without
automation. Further, it could lead to significant bill uncertainty and leaves people vulnerable to
potentially skyrocketing prices during extreme peak hours. Motivated by the potential efficiency
benefits of real-time pricing, and the need to address its price-volatility concerns, we now study
the efficiency gains of a third set of pricing systems: real-time pricing programs with price caps.
The caps prevent retail prices from going to extreme levels. Naturally, this limits the efficiency
of real-time pricing during hours when the price ceiling is exceeded, but the system achieves
maximum efficiency in the remaining hours.

Our methodology is well-suited to compare real-time pricing programs with price ceilings
to those without. We take the schedule of simulated first-best equilibrium prices under real-
time pricing, and truncate its values above a certain threshold. We then calculate deadweight
loss under both this capped real-time pricing schedule and an out-of-sample flat tariff, and
calculate the renormalized R? value as usual. This value gives the proportion of deadweight
loss that would be abated by the capped real-time pricing program over the biased flat tariff.
Equivalently, one minus this metric is proportional to the welfare losses associated with having
imposed the cap onto a true real-time pricing program, scaled relative to the total deadweight
loss associated with a biased flat policy.

Figure 8 presents the results with price caps at the 75 90" 95" and 99" percentiles of
simulated equilibrium prices over the preceding three years of data.?® The results reveal large
efficiency benefits from real-time pricing with price caps. Across these four panels, the mean
(median) renormalized R? values are 0.670, 0.874, 0.932, and 0.978 (0.766, 0.932, 0.988, and 1),

9th percentile almost fully restore efficiency, and they do so

respectively. Price caps set at the 9
with price limits that are arguably implementable—the caps average between $52 in ERCOT
and MISO and $96 in ISO-NE (see Appendix Table B.1 for details). These caps are an order
of magnitude smaller than the typical wholesale-market price caps, which are in the thousands
of dollars.

On average across markets and years, we conclude that welfare gains from price-capped
real-time pricing programs persist, even when price caps bind on a significant fraction of hours.
These programs correct for all mispricing in most hours of the year, precisely fitting both the
mean and the shape of marginal costs.

Results are highly variable from market to market and (more strongly) from year to year.

26We avoid using absolute dollar number caps because the distributions of observed and simulated prices vary
significantly between market-years. See Appendix Table B.1 for a sense of scale in dollar terms.
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Figure 8: Real-Time Pricing with Price Caps
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Note: Each point represents the equilibrium-basis renormalized R? for real-time pricing with a given price cap
in a given market-year, using the simulation methodology described in Section 4. CAISO ends in 2015 and
ERCOT begins in 2014 due to data availability issues. Panels represent real-time pricing schedules with price
caps set at the 75", 90", 95*" and 99*® percentiles of simulated equilibrium prices from the three previous years,

respectively. A version using in-sample price caps appears in Appendix Figure B.7. A version using a constant
price cap over time appears in Appendix Figure B.8.
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In large part, this is due to the fact that we are setting these caps out of sample. In years where
the prices of inputs to marginal electricity generation (oil, natural gas, coal, etc.) increase, the
cap (set based on historical data) binds more frequently, leading to a lower capped-policy RZ2.
In years where the average price of electricity falls nationwide, the cap binds less frequently,
leading to higher R2s. To net out these effects, we include a (not achievable in practice) version
in Appendix Figure B.7, which fixes the proportion of hours in which the cap binds by setting
it in-sample. Results are less variable across market-years, but are qualitatively similar on
average.

These results suggest that the current emphasis on implementing TOU and CPP programs
is leaving a pricing policy with potentially superior efficiency performance on the table—even
very conservative price caps achieve far higher efficiency gains than either TOU or CPP systems.
Importantly, the efficiency gains from real-time pricing with caps that we calculate assume that
demand can respond to a high-dimensional, frequently varying price schedule. Many consumers
may be overwhelmed by the price variation and might (perhaps rationally) ignore much of it.
We explore the welfare consequences of this with Appendix Figure B.10, where we find that,
if consumers are less than one-fifth as responsive to capped RTP as they are to TOU/CPP
programs, the TOU/CPP programs are more efficient. In contrast, programmable, automated
load could handle such a price schedule well. Thus, we interpret the potential gains from real-
time pricing with caps as something that could be realized in the future as more load becomes

“smart,” rather than gains that could be realized immediately.

6 Extensions

6.1 Best Subsets Selection

While our analysis has evaluated many potential policies, there are obviously many more poten-
tial variations and combinations than we are able to show explicitly. Out of this vast expanse,
it becomes difficult to determine which policies are globally optimal. In particular, we may ask
how many different price levels we should define, what sources of cyclical variation these should
attempt to capture (e.g., daily, weekly, seasonal), and what the specific temporal “cuts” should
be for a given policy. As a case study, we apply a variant of the best subsets selection algorithm
(BSS) to create a more flexible set of TOU rates. Specifically, we look at systems with as many
as 12 different price levels throughout the day and allow the data to choose any contiguous sets
of hours to be put into each of the rate categories (with that price pattern then applied to each
day throughout the year). In contrast, for our peak/off-peak analysis above, we took as given

the peak hour window for each ISO.?”

2"Note that the peak hours we took as given were selected using an average over runs of an in-sample version
of this same algorithm, as described in Appendix A.2.
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The BSS algorithm is an optimization procedure that, in a regression context, selects the
best k linear predictors out of a large set of possible predictors. Applied to our context, it begins
by fixing the number of price levels k£ within the day. Then, we evaluate each of the possible sets
of k contiguous price levels within the training data (using the same three-years-prior training
data as before). This step is computationally expensive, so we lower the temporal granularity
of our policy space to two-hour intervals—this leaves us with between 1 and 12 different price
levels. To construct each of the (1,3) tariff schedules, we define a set of indicator variables
I{dj—1 < hour; < d;}, where {dj}§:1 is a subset of {midnight,2AM,4AM,...,10PM} with
size k. This splits the day into k contiguous periods, potentially with one period maintaining
continuity by crossing between days (e.g., a period of 10pm to 2am). For example, when k = 2,
the set of potential policies are all pairs of {midnight,2AM,4AM, ..., 10PM} — the hours
between the policy pair are classed as “peak” and the remaining hours are “off-peak” (or vice
versa). For each policy, the model records the training-data root mean squared error (RMSE)
from an OLS regression of simulated equilibrium prices on the set of indicator variables dictated
by the policy. Finally, it then applies the policy schedule with the lowest training RMSE to
the test data, where we calculate deadweight loss and obtain the renormalized R? metric used
throughout the rest of the paper. We do this for k between 1 and 12 for every market-year in
the data.

Figure 9 shows the results of this exercise, presenting mean renormalized R? values for
each market by number of price level pairs. By construction, a policy with 1 price group (i.e.,
a flat price) has a renormalized R? of 0. Splitting the day into two pricing periods (i.e., a
simple peak vs. off-peak tariff) provides significant efficiency gains in most markets. Optimal
peak pricing policies according to the BSS algorithm typically set either an off-peak period
throughout the night or an on-peak period in the early evening. However, we find very little
evidence for additional efficiency gains beyond this first cut—the efficiency gains flatten out
almost immediately, possibly with the exception of ERCOT. We interpret this as another piece
of evidence bolstering our theme of relative simplicity: most of the feasible efficiency gains from

TOU come from relatively simple schemes.

6.2 Locational Pricing

There is a substantial literature discussing the value of locational marginal pricing in wholesale
electricity markets (e.g., Hogan 2002; Wolak 2011b; Triolo and Wolak 2022). However, the link
between locational marginal pricing and intermediate dynamic pricing schemes has not been
explored as thoroughly. Are intertemporal patterns in wholesale electricity prices predictably
different across space?

To answer this question, we exploit the spatial information provided by our price data.

Recall that, in other sections of this paper, we have used a single hourly average price for each
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Figure 9: Best-Subsets Selection for Within-Day Price Levels
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Note: Each point represents the mean equilibrium-basis renormalized R? for a given number of price levels in a
given market, using the simulation methodology described in Section 4. Means are taken across years between
2009-2020, although CAISO ends in 2015 and ERCOT begins in 2011 due to data availability. Policy structure

for each number of price levels in each market-year is selected using a best subsets selection procedure, described
further in the text.
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market we study. We now use node-level prices at the same temporal frequency. We estimate
the relative out-of-sample efficiency of various TOU and CPP policies interacted with different
levels of spatial aggregation. Specifically, we construct policies at the ISO, county, and 5-digit
zip code levels for six of our seven markets and calculate the ISO-wide renormalized R? for each
policy at the node level.?®

Note that, because we do not have node-level load data, we are unable to simulate equilibria
under true real-time pricing. Therefore, as described in Section 4, we now use the “observed”
basis rather than the “equilibrium” basis. That is, we are evaluating prospective policies’ ability
to match observed price patterns without accounting for demand response to the implied price
changes.

Figure 10 shows the results of this exercise in the PJM market. In general, R? values
are somewhat below those seen in earlier sections, although keep in mind that the metric
is not directly comparable to the other out-of-sample analyses in Section 5 because it uses
observed wholesale prices and because those analyses were all carried out on ISO-level data.
Collapsing prices to the ISO-level mutes locational price variation, which slightly overstates
the performance of TOU policies. Using nodal price data, we see modest gains from locational
policy complexity. With a single ISO-wide price, mean (median) R? values from the four panels
above across all markets are 0.044, 0.049, 0.045, and 0.091 (0.035, 0.033, 0.036, and 0.077) for
the four pricing schemes, respectively. With county-level pricing, these are 0.052, 0.057, 0.052,
and 0.122 (0.033, 0.034, 0.042, and 0.123), respectively. Zip code pricing yields similar results.

The CPP policy (where events are still defined at the ISO-level) generally benefits from
locational granularity more than the TOU policies. This is as expected, as binding transmission
constraints and local plant outages are a frequent cause of wholesale price spikes, but are
difficult to predict far in advance. Flexibly pricing critical peak events in those locations most
affected by these price spikes more efficiently targets the differential between wholesale and
retail prices. In contrast, the daily, weekly, and seasonal variation captured by TOU policies is
less heterogeneous across space, leading to a lower benefit from spatial retail pricing.

We also observe significant heterogeneity by market. Appendix Figures C.1-C.5 show the
same figure for all other markets in our sample except for CAISO. The same trends appear
on aggregate, although while NYISO and MISO see rather large gains from locational pricing,
ISO-NE and ERCOT only experience mild benefits.

6.3 Load-Shifting

We also extend our analysis to consider the role of load-shifting, where price changes lead to

substitution in demand across hours. This has an ambiguous effect on deadweight loss since

28CAISO does not make geolocation data available for nodes in its network, so we are unable to replicate this
exercise in California.
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Figure 10: Locational Pricing — PJM
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Note: Each point represents the node-level observed-basis renormalized R? for a given TOU or CPP policy in a
given year. All policy regressions are of observed real-time locational marginal prices on interactions of policy
indicators with spatial indicators. Season splits the year into two six-month periods, beginning in April and
October. Versions for all other markets except CAISO are found in Appendix Figures C.1-C.5.
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changes in price in any one hour can now either worsen or improve welfare losses in adjacent
hours depending on the sign of existing distortions in those hours. The effect of load-shifting
on relative deadweight loss between constant prices and TOU (the primary measure we focus
on in Section 5) will be small if either the absolute effects on deadweight loss are small (i.e.,
if welfare effects for different hours cancel out), or if the effects on deadweight loss are similar
as a proportion for the time-invariant and TOU policies. Jacobsen et al. (2020) show how
the presence of substitution alters relative deadweight loss depending on correlation between
pricing errors and substitutability.??

To investigate load-shifting in our setting we expand on the approach used in Section 5 and
now write demand as a linear system of all prices: q(p) = d —Hp. Here p and q are vectors of
prices and quantities and H is a positive semi-definite matrix of demand derivatives. When H
is diagonal this demand system nests the analysis done in Section 5. To explore load-shifting
we set off-diagonal elements (cross-price derivatives) so that a fraction 7 of demand shifts
to adjacent hours, spread evenly over 7 hours in either direction. Varying v; and 79 allows
us to approximate a range of results in the empirical literature on load-shifting. The vector of
constants d is set such that prices and demand in the baseline data are reproduced. Equilibrium
is solved numerically and is a set of prices in each hour such that demand above matches the
piece-wise linear supply curve for each hour described in Appendix A.1.

To construct deadweight losses we observe that linear demand systems in this form can be
micro-founded on a quasilinear quadratic model of utility (Spence 1976). We compute consumer
surplus in this setting following Choné and Linnemer (2020).%° Producer surplus over the piece-
wise linear marginal cost function is computed at the new equilibrium using the approach as in
Section 5 above.

Figure 11 presents welfare results when exploring our model with load-shifting applied to
three TOU policies and one CPP policy. For computational reasons we limit the analysis to
a single year (2015) where we have complete data. The “Diagonal” benchmark in each panel
reproduces out-of-sample R? values for 2015 as displayed in Figure 4. Note this is a year where
CPP performed relatively poorly in many ISOs; we are interested here in comparisons between
the diagonal benchmark and the load-shifting cases.

The cases labeled “Andersen et al. (2017), 2 hour” and “12 hour” reflect load-shifting
patterns estimated in Andersen et al. (2017) using an experiment in Denmark. They find
an average shift in load equal to 29% of the size of the own-price demand response. The

shifted load reappears within 2 hours, to as much as 12 hours, on either side of the hours

2In the electricity pricing context, correlations between cross-price derivatives and the products of wedges
remaining after fitting a TOU policy make the TOU policy more efficient after considering load-shifting. Corre-
lations between the policy itself (i.e., prices in the hours designated as peak) and cross-price derivatives worsen
the TOU policy’s relative performance. Both types of correlation are likely to be present empirically.
30Consumer surplus in this setting is given by (1/2)(H 'd — p)H(H'd — p).
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Figure 11: Efficiency Gains with Various Load-Shifting Patterns
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Note: Each bar represents the renormalized R? for a given policy and market in 2015. Different colors represent
different shoulder substitution patterns, corresponding to different estimates from the literature. Season splits
the year into two 6-month periods, beginning in April and October. For the CPP policy, prices are based on and
called on day-ahead prices, and each of the 20 CPP events is assigned a unique critical-peak price.

with a price change depending on the setting. Our parameters to span these cases are then
{71 =0.29,72 = 2} and {71 = 0.29,v2 = 12}. Next we consider an experiment where demand
shifts instead reflected complementarities: Jessoe and Rapson (2014) find that information
combined with price changes leads to spillovers, making cross-price derivatives negative. In
their main treatment there is a reduction in shoulder demand (defined as 2 hours either side)
that is 68% as large as the reduction during hours where prices have been increased. We
reflect this with {y; = —0.68,v2 = 2}. We also include an ad-hoc case of {y; = 0.5,72 = 4} to
consider even stronger substitution than in the Andersen et al. (2017) study. Other studies that
we located from this literature all estimated weaker substitution patterns (and would therefore
fall even closer to our primary diagonal case). For example, Ata, Duran, and Islegen (2018)
estimate that only about 9% of load response moves to adjacent hours.

Figure 11 shows that when accounting for different types and degrees of load-shifting, and
across our datasets, there is relatively little impact on the fraction of deadweight loss recovered
by TOU and CPP policies. The mostly-offsetting effects of load-shifting in these scenarios lead
to some cases where TOU and CPP look slightly better and some where they look slightly worse.

We see average differences from the diagonal R? (the mean absolute value of that difference)
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of -0.004, 0.011, -0.003, and -0.008 (0.005, 0.018, 0.006, and 0.009) for the four alternative
substitution patterns, respectively.?! The largest individual effect in absolute terms is in ISO-
NE where broad load-shifting (12 hours either side of peak) leads to a 0.04 lower R? under the
CPP policy.

Appendix Figure B.9 provides additional detail for a selection of hours, showing first-best
equilibrium prices under the various substitution patterns. The relatively small changes in
first-best prices (compared to the diagonal case) visible in this figure mirror the small effect we

find for load-shifting overall.

6.4 Impact on Peak Load

Dynamic pricing policies reduce short-run inefficiencies in the daily markets but also have the
potential to reduce peak load during the highest-demand hours of the year. In particular, CPP
and RTP policies are well suited to reducing these system peaks. As a result, this reduces the
need for costly investment in peak generation capacity. In Appendix Table B.3, we quantify the
avoided peak load of various pricing policies across the seven markets. Typically, TOU, CPP,
and capped RTP policies reduce maximum peak load by 1-3%. When valued at the annualized
cost of new entry of peaker plant capacity of $100,000 per MW (Newell, Hagerty, Pfeifenberger,
Zhou, Shorin, Fitz, Gang, Daou, and Wroble 2018), we estimate that the welfare gains from
avoided investment are typically equivalent to a policy that yields an out-of-sample renormalized
R? of between 20-60%. While this is only a stylized back-of-the-envelope calculation, it suggests
that the peak shaving benefits of dynamic pricing may be at least as large as the short-run
efficiency benefits of TOU and CPP policies, and about half as large for RTP with price caps.
See Appendix B for details.

7 Conclusion

Wholesale electricity prices vary substantially hour to hour. In theory, there are large efficiency
gains that can be realized if this variation in prices can be passed on to final customers, just as
they are in nearly all other commodity markets. The question of how to capture some of those
efficiency gains has been a perennial topic in energy economics, but it takes on more importance
today because the technology to implement more advanced pricing has matured and because
the energy transition simultaneously means that prices are likely to become more volatile as
renewables play an expanded role in generation, electricity demand will be rising as we electrify
transportation and buildings, and much of the new load, be it from electric vehicles or data
centers, is likely to be more responsive to variable rates than has been typical in the past. All

of this means that it is critical to get prices right, now more than ever.

3n percentage terms, these are -2.8%, 14%, -4.3%, and -6.1% (6.1%, 19.9%, 7.6%, and 10.8%) respectively.
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This paper explores the ability of TOU and CPP pricing policies, which are the lynchpin
tools currently available to utilities, to realize these benefits. The paper examines two decades
of data from all seven US wholesale power markets, with a focus on measuring goodness of fit
statistics associated with alternative rate designs and accounting for out-of-sample forecasting
and the equilibrium price effects of alternative pricing policies. These statistics summarize
the ability of proposed rates to match wholesale price fluctuations, and as a result they are
a simple way to characterize the efficiency gains of alternative tariffs. Our data coverage and
our methodological improvements allow us to shed new light on the efficiency potential of
time-varying rates.

There is a considerable amount of variation in wholesale electricity prices that is difficult to
reflect in TOU and CPP schemes. At the same time, these rates deliver meaningful economic
benefits and are largely complementary in nature. Together, simple peak pricing and CPP
pricing that calls and prices events using day-ahead markets recover about 17% of the efficiency
gap with real-time pricing. While a far cry from real-time pricing, regulators and utilities are
well-advised to consider them if policies closer to real-time pricing are unavailable. To take full
advantage of these efficiency-improving pricing schemes, utilities will need to be sophisticated
in how they define peak hours and how they call and price CPP events—current practice is
unlikely to capture the benefits we document. Another avenue that utilities might pursue is the
introduction of real-time pricing paired with strict price caps. This type of pricing can recover
the vast majority of the current efficiency gap while still protecting customers from extreme
price fluctuations.

More complex TOU schemes do not improve much on simple peak pricing policies when
evaluated out-of-sample and may even backfire. Our results consistently emphasize the im-
portance of more timely rate setting—that is, rates that are able to adjust to current market
conditions—rather than having schemes that feature many prices when those prices have to
be specified well in advance. Pricing data from past years is hardly informative in predicting
detailed price patterns and the risk of overfitting looms large. The patterns of results we doc-
ument here are largely consistent over time, but the relative efficiency gains of TOU and CPP
policies vary substantially across markets.

We note a couple of caveats about our estimations. First, our estimates do not model
how dynamic pricing would increase the incentive for consumers to adopt behind-the-meter
storage, which is more valuable if storage can arbitrage variable retail rates. This is a potential
investment benefit of dynamic retail pricing that we do not quantify. Second, the efficiency gains
of dynamic pricing could, of course, change in the future depending on how the grid evolves. If
grid-scale storage becomes sufficiently cheap, we might expect a reduction in the volatility of
wholesale marginal cost, which would lower the gains from variable rates. On the other hand,

volatility might increase if renewable penetration outpaces storage deployment and retail rates
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are not effective in generating demand response. How this affects the comparison of alternative
rates depends on the degree to which increased variation is predictable. Other changes in the
grid, such as a possible resurgence of nuclear power or a build out of transmission, could also
impact the efficiency gains from dynamic pricing.”

Even with these caveats, we believe that these results should be of interest to regulators,
utilities, and other stakeholders interested in making electricity markets more efficient. While
our analysis calls for significant changes in how utilities operate their CPP programs, tech-
nological advances in home automation will make it easier for customers to respond to CPP
events that are called at relatively short notice, or to continuous price fluctuations in a system
of partial real-time pricing with price caps. This should eventually aid the political feasibility

of such changes in policy design.
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A Appendix: Additional Methodological Details

A.1 Equilibrium Simulation

To define hourly demand curves we use a linear functional form. We calibrate the slope in
each hour using observed average prices/quantities and an assumed elasticity of -0.2 (based on
Reguant (2019)), which gives us a slope term of —0.2(%) for each hour in the data. We also
consider values of -0.1 and -0.3 to assess sensitivity of results. We then calibrate the hourly in-
tercept terms by aligning the observed load in each hour with the average price across the entire
market-year. This is implicitly assuming that consumers were facing a flat tariff, set at average
price, in the data. In reality most consumers do face flat tariffs, but industrial and commercial
consumers are more likely to face time-varying prices than residential consumers. Figure A.1
shows that only 5-10% of load in each year do not face flat prices, although this proportion is
increasing modestly over time. Among consumers that do face time-varying prices, industrial
consumers are relatively more likely to face true real-time prices and residential/commercial

consumers are relatively more likely to face simple time-of-use prices.
Figure A.1: Proportion of Consumers Facing Time-Varying Prices
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Form EIA-861 (https://www.eia.gov/electricity/data/eia861/).
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In light of this, we interpret our demand curve here as an overall response to retail electricity
price changes, which is then an average of the demand response from each segment weighted
according to its size and likelihood to face retail prices. We selected values based on estimates
of residential, commercial, and industrial demand elasticities and shares. See Reguant (2019)
(Table 2 and footnote 27) for a brief overview of these.

To generate hourly supply curves, we begin with market-year-level merit order curves. For
ease of computation, we fit linear splines with knots at the 75" and 95 percentiles of quantity
along the merit order. This specification was selected via grid search over every possible set of
1, 2, or 3 vigintile knots—this set explained the greatest proportion of the variance in our merit
order data, with an average R? of 0.959 across all market-years. We then horizontally shift
the supply curves such that they intersect demand at the observed price and quantity in each
hour. This assumes that hourly shocks to the merit order all occur among the lowest marginal
cost technologies (e.g., wind/solar). Table B.5 provides summary statistics of these implied
hourly shocks, which can be caused by a variety of factors, including renewables intermittency,
outages, maintenance, and imports/exports.

Finally, we generate the counterfactual hourly equilibria via the intersection of these two
curves. We then simulate hourly policy equilibria by crossing the demand curve with a hori-
zontal “enforced” supply curve set at the policy price. Deadweight losses caused by any given

policy are computed by integrating to evaluate consumer and producer surpluses.

A.2 Peak-Hour Definition

To create our standard definition of peak vs. off-peak hours in each market, we find the pair
of hours that, as a start and end hour for the peak period, on average, explain the greatest
proportion of the variation in observed wholesale prices in that market. To do so, we employ
an exhaustive search best-subsets selection algorithm, an out-of-sample variant of which we use
in Section 6.1.

We define a peak policy by its start and end hour. This is any subset of {midnight, 1AM,

2AM, ..., 11PM} of size 2, where the peak period is defined as those hours weakly after the
start hour and weakly before the end hour (or vice versa). There are (224 ) = 276 possible

arrangements. For each market-year of our data, we calculate the in-sample R? from each of
these possible peak definitions. We then collapse to the market-level median R? value for each
peak definition (of which there are 276 x 7), and select the definition with the highest median
R? value in each market as the 7 peak definitions in our analysis.?? The results of this exercise
(local time) are shown in Table A.1. As is often practiced by utilities, peak hours usually run
from sunrise until sundown, with the exceptions of ERCOT (which is more concentrated during
the hottest hours of the day) and CAISO (which is shifted slightly later in the day).

32Gelections using the market-level mean R? are qualitatively similar.
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Table A.1: Peak Hours for Each Market, Inclusive

Market Start Hour End Hour

PJM 6am 8pm
ISO-NE 6am 8pm
NYISO Tam 8pm
ERCOT 12pm 6pm

MISO 6am 8pm

SPP 6am 8pm

CAISO 10am 10pm

A.3 CPP Price Schedule Construction

To define in-sample CPP schedules (such as those in Figure 3 and Table 2), we first order days
in the year by their mean of the observed real-time prices during their peak period. Then,
we define indicator variables for each of the top-20 peak periods and report the R? from the
regression of real-time prices on those indicator variables. This creates a schedule consisting
of the day-specific mean peak-period price during the top-20 peak periods (i.e., following what
we call “event-level pricing” in Section 5.3) and the mean of all remaining real-time price
observations in non-CPP hours.

To define out-of-sample CPP schedules, we begin similarly. In most cases, we sort days of
the year by their peak period day-ahead price and define the top-n peak periods as critical-peak
periods—in Figure 6, we also display results sorted by real-time price. Using the day-ahead
market in this way gives our model an imperfect signal of the best CPP events to call given
a fixed number of them. However, it is still an ex post solution to the true optimal-stopping
problem utilities must solve in calling CPP events. We discuss this issue further in Section 5.3.

Then, we define either a single critical-peak price (averaged over all event-hours), event-level
critical-peak prices (averaged over hours for each event), or hourly critical-peak prices (each
critical-peak hour is priced individually) depending on the structure of the policy. Unless oth-
erwise specified, we report results with event-level prices—Figure 5 compares these structures
directly. When using event-level pricing, we define these critical-peak prices using predicted
values from a regression of daily peak-period mean simulated equilibrium prices on day-ahead
prices. This accounts for risk premia in the forward market and the equilibrium price effects of
the critical-peak price. When using single pricing, we use the mean value of these event-level
prices. When using hourly pricing, we instead use predicted values from a regression of sim-
ulated equilibrium prices on day-ahead prices during peak periods without collapsing to daily
peak-period averages (although the regression coefficients are qualitatively similar). In Figure

6, we also display results priced in real-time—in those cases, we use the simulated equilibrium
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price directly in place of the predicted values based on the day-ahead market.

Finally, we must define prices during off-peak hours. Other than in Section 5.4, we use a
flat price for these hours. To define this flat price, we take the mean of the previous three years’
simulated equilibrium prices, excluding the 3n highest-priced hours (where n is the number of
yearly critical peak periods considered). This approximates excluding CPP event hours in the
creation of off-peak prices.?* In Section 5.4, we define TOU schedules underlying CPP policies
in much the same way. We construct TOU policies using the simulated equilibrium prices from

the three previous years, and exclude the 3n highest-priced hours from the training data.

33We do not explicitly simulate what peak periods in the training sample would have been critical-peak events
because it would require day-ahead data in the training sample, reducing our OoS analysis sample size by three
years in each market.
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B Appendix: Additional Figures and Tables

Figure B.1: In-Sample versus Out-of-Sample Performance
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Note: Each point represents the in-sample and out-of-sample performance for a given policy in a given market-
year. The horizontal axis represents the simple in-sample R? as in Section 5.1. The vertical axis represents the
observed-basis out-of-sample R? as described in Section 4. 45-degree line shown in yellow. In-sample results are

only shown when there are enough data to produce corresponding out-of-sample values.

Figure B.1 compares results from our observed-basis in-sample analysis to the raw observed-
basis out-of-sample R? values. This differs from our primary out-of-sample analysis in that it
uses the observed basis and is not renormalized, but has the useful property that welfare gains
implied by the two axes are on the same scale. In each panel, we display the 45-degree line
in yellow. Mechanically, all points will fall weakly below this line, but the vertical distance
represents welfare gains that are lost due to prediction errors. Many points fall below the
horizontal line at zero, indicating that an unbiased flat tariff performs better than many out-
of-sample policies (even if constructing this hypothetical tariff requires information not yet
known to the policymaker). Comparing panels, we see that more complex policies typically
underperform expectations more strongly than simple policies do. Further, within each panel,
when a greater proportion of the in-sample variation is explained by the policy, the greater
the risk of overfitting. Strikingly, the correlation between in-sample and out-of-sample R2s is

actually slightly negative, both across and within panels. This is consistent with in-sample
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gains not being realized out-of-sample, even conditional on the tariff structure being used.

Figure B.2: Out-of-Sample Efficiency Gain of Different TOU Designs,
Varying Demand Elasticity
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Note: Each point represents the equilibrium-basis renormalized R? for a given TOU policy in a given market-
year, using the simulation methodology described in Section 4. Panel (A) uses a —0.1 demand elasticity and
Panel (B) uses a —0.3 demand elasticity. Season splits the year into two 6-month periods, beginning in April and

October. CAISO ends in 2015 and ERCOT begins in 2014 due to data availability issues. Main version using
—0.2 demand elasticity available in Figure 4.

Figure B.2 shows a variation of our main results in Figure 4 assuming a demand elasticity
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of -0.1 or -0.3 (as opposed to our base value of -0.2), in panels A and B respectively. This has
little impact on the R? results, though it does affect the magnitude of total DWL. For example,
while the peak policy creates a mean (median) DWL of 283 (195) million dollars across the
market-years of our sample with an elasticity of -0.2, this same policy creates 168 (112) and

407 (274) million dollars of deadweight loss under a -0.1 and -0.3 elasticity, respectively.

Figure B.3: Out-of-Sample Efficiency Gain of Different TOU Designs, Observed Basis
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Note: Each point represents the observed-basis renormalized R? for a given TOU policy in a given market-year,
using the simulation methodology described in Section 4. Season splits the year into two 6-month periods,
beginning in April and October. CAISO ends in 2015 and ERCOT begins in 2014 due to data availability issues.
Main version using the equilibrium basis available at Figure 4.

Figure B.3 demonstrates that the result that there are diminishing (and even negative)
returns to TOU complexity is similar when using observed wholesale prices instead of simulated
real-time prices. Note that, relative to the equilibrium-basis out-of-sample results, we have also
changed the functional form of the supply curve: the equilibrium basis out-of-sample results
in Figure 4 assume linear spline supply curves; the observed basis out-of-sample results here

assume linear supply.
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Figure B.4: Cumulative Distribution of In-Sample DWL - PJM - 2018
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Note: This figure shows the cumulative distribution function of deadweight loss across hours of the year un-
der linear supply/demand with observed wholesale prices as the benchmark (solid black line) and with spline
supply /linear demand with simulated equilibrium prices as the benchmark (dashed grey line), for an in-sample
peak/off-peak policy in the PJM market in 2018.

Under the observed wholesale basis, the “target” price schedule is the observed marginal cost
of generation. However, the first-best equilibrium price is that which would have been reached
under full real-time pricing. When the supply curve is sloped, these two prices are generally
not the same. The observed wholesale basis overweights the deadweight loss associated with
the most extreme outlier hours, which, under real-time pricing, would have experienced a large
reduction in load due to demand response to the higher price. Simulated equilibrium prices
have a smaller variance than observed wholesale prices, so the estimated deadweight loss from

an intermediary policy is more evenly distributed across hours (Figure B.4).
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Figure B.5: Varying the Size of the Training Sample
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Note: Each point represents the mean renormalized R? across all markets with a given policy and number of
years of training data, using the simulation methodology described in Section 4. Pre-collapsed data is unbalanced
across markets due to varying data availability and unbalanced across levels of the horizontal axis because, with

a temporally finite sample, fewer years can support larger training samples.

Figure B.5 presents the mean renormalized R? across all market-years of five different TOU
policies while varying the size of the training sample. The horizontal axis denotes the number
of prior years that constitutes the training sample—note that our inclusion of all possible years
of test data causes the panel of results to be unbalanced (with smaller values on the horizontal
axis containing more R? observations). Our main specification corresponds to a value of 3 along
the horizontal axis. We do not see a significant positive or negative trend in R? from expanding
or contracting the number of years of training data around this point. We do see a decline after
8 years, but this excludes most potential years of test data, especially from CAISO and ERCOT
(which can respectively support at most 6 and 9 years of training in our data). Additionally, any
reasonable weighting of the training data would prioritize more recent information, so we do not
consider this a threat to our empirical strategy. Finally, we also notice that the most complex
policy studied (peak x weekend x month) improves both in absolute terms and relative to the
other policies significantly when moving from 1 to 4 years of pre-period data. This is because,
with few years of training data, large spikes in the observed prices can be extremely influential

on the policy price on particular tariff levels, causing overfitting. After enough years of data
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have been added, this policy is “smoothed” significantly, and more closely resembles the policy

prices from simpler policies (e.g., peak x weekend X season).

Figure B.6: R? Coefficients from a Regression of Real-Time on Day-Ahead Prices
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Note: Each point represents the R? from a regression of ISO-level real-time prices on day-ahead prices for PJM,
ISO-NE, NYISO, ERCOT, MISO, SPP, and CAISO over the period 2000-2020 (with data coverage varying as
described in Section 3).

Figure B.6 shows the R? from regressions of ISO-level real-time prices on day-ahead prices.
These values are significantly below 1, which indicates that there is still significant variation in
real-time prices that cannot be predicted even a day in advance. As is visually apparent, certain
ISOs’ forward markets explain more of the variation in spot prices than others. For example,
SPP’s base load has a large wind generation share, which is difficult to predict, whereas ISO-NE
has larger nuclear and hydroelectric generation shares, which are more predictable. This may
partially explain differences in expected efficiency gains from CPP policies. There is typically a
small difference in mean between these two market prices—this is a risk premium. Our interest
is in whether or not day-ahead prices can accurately predict real-time prices, so, as long as this

risk premium is consistent in expectation, this is not an issue.
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Figure B.7: Real-Time Pricing with Price Caps — In-Sample Caps
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Note: Each point represents the equilibrium-basis renormalized R? for real-time pricing with a given price cap in
a given market-year, using the simulation methodology described in Section 4. CAISO ends in 2015 and ERCOT
begins in 2014 due to data availability issues. Panels represent real-time pricing schedules with price caps set at
the 75t 90t", 95t and 99*® percentiles of simulated equilibrium prices from the current year, respectively. A

version using out-of-sample price caps appears in Figure 8. A version using flat price caps appears in Figure B.8.

Figure B.7 presents a variation on our analysis of real-time pricing with price caps, instead
defining price caps using percentiles of in-sample equilibrium prices. This is not achievable
in practice and therefore not a realistic possibility, unlike the results presented in Figure 8—
indeed, we are using information that the policymaker does not have access to in order to set
these caps. However, the use of this is that we have fixed the proportion of hours affected by the
price cap to be equal to exactly (100 — )% of hours in each panel. These four panels have mean
(median) R? values of 0.605, 0.863, 0.937, and 0.981 (0.616, 0.888, 0.96, 0.994), respectively.
Based on this, we conclude that real-time pricing with price caps binding less than 10% of the

time still recover the overwhelming majority of deadweight loss compared to a flat baseline.
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Figure B.8: Real-Time Pricing with Price Caps — Flat Caps
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Note: Each point represents the equilibrium-basis renormalized R? for real-time pricing with a given price cap in
a given market-year, using the simulation methodology described in Section 4. CAISO ends in 2015 and ERCOT
begins in 2014 due to data availability issues. A version using out-of-sample price caps appears in Figure 8. A

version using in-sample price caps appears in Figure B.7.

Similarly, Figure B.8 presents a variation of our real-time pricing with fixed-value price caps
set at $40, $50, $75, and $100. As Table B.1 shows, the distribution of prices varies significantly
across the years of our sample. Therefore, the proportion of hours in which the cap binds is
variable, as in Figure 8. Some market-years using the $40 cap result in negative R? values—this
is because the cap is binding in many hours during those market-years (in some cases, the cap

is below the median price).

Al12



Figure B.9: Simulated Prices with Various Load-Shifting Patterns - PJM - August 15, 2015
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Note: Each point represents an hourly simulated equilibrium price of electricity under true real-time pricing from
PJM on August 15, 2015. Different colors represent different shoulder substitution patterns, corresponding to
different estimates from the literature. Points in red represent observed wholesale prices directly from the data.

Figure B.9 shows a comparison of simulated real-time prices under different shoulder-
substitution patterns alongside observed wholesale prices from an example day. We find that
these simulated equilibrium prices broadly follow the observed wholesale price, and even more
so strongly bunch together with each other. These different calibrations typically diverge in
price more during periods of low demand and bunch more tightly in periods of high demand.
During those peak hours, any simulation that passes real-time prices onto retail consumers will
see a stark response to avoid progressing too far on the steep portion of the merit order curve.
Compared to the other calibrations, simulations using Jessoe and Rapson (2014) typically fall
on the opposite side of the the no-shoulder substitution (diagonal) case—this is because they
find that electricity in adjacent hours are complements, where the other studies found that

them to be substitutes.
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Figure B.10: Capped RTP with Inattentive Consumers
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Note: Each point along the black line represents the equilibrium-basis renormalized R? for real-time pricing with
a price cap at the 90th percentile of the previous three years’ equilibrium prices, averaged over all market-years in
our sample, with a proportion of consumers that are inattentive, as described below. Horizontal lines represent
the average renormalized R? from the associated policies with fully attentive consumers. TOU policies are set

out-of-sample, and CPP events are called and priced based on event-level day-ahead prices.

One prescient concern with (capped) real-time pricing is that consumers are imperfectly
attentive to it. That is, even if the policy better matches wholesale price variation, consumers
may be less responsive to it than a simpler policy. We investigate the welfare consequences of this
possibility by modeling capped real-time pricing with 1 — « consumers responding to the policy
price and « consumers responding as if they face an out-of-sample flat price. Behaviorally, this
is as if, due to the complexity of the policy, a consumers “give up” on responding to the price
signal. This generates a very simple total demand curve of Q%(P) = (1 — a)Q%(P) 4+ aQ%(P),
which, since Q%(-) is linear, simplifies into another, less elastic, linear demand curve. We then
combine our hourly supply curves with Q% to calculate an equilibrium price schedule with a
inattentive consumers, keeping track of attentive consumers’ load, inattentive consumers’ load,
and total load. We then apply price caps, recalculate load, and calculate deadweight loss

benchmarked against the first-best prices with fully attentive consumers.*

34Note that, with inattentive consumers, the policy price schedule for an RTP policy will not equal the first-
best price schedule, even in hours where the cap does not bind. To calculate lost PS, we take the area between
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Figure B.10 displays the results for a real-time pricing policy with a cap at the OoS 90th
percentile. Increasing the share of inattentive consumers decreases R? in near one-for-one. This
is intuitive—since attentive consumers face (capped) real time prices (R? ~ 1) and inattentive
consumers face flat prices (R? = 0), a reasonable conjecture for the R? with « inattentive
consumers is a- 0+ (1 —a) -1 =1— a.?> We can use this framework to compare the welfare
gains at different levels of customer confusion. We plot horizontal lines at the average R? value
for a Peak x Weekend x Season TOU policy, a CPP policy with 20 events, and a Peak x Weekend
TOU combined with 20 CPP events, all with a = 1 (i.e., assuming that consumers are fully
responsive to these policies). Comparing the two analyses, we conclude that consumers would
need to be less than one-fifth as responsive to the capped RTP policy for its welfare gains to

be lower than the simpler policies.

Table B.1: Percentiles of Simulated Equilibrium Prices

Market 75th 90th 95th 99th
PJM 35.83 47.92 55.13 57.17
ISO-NE 43.86 59.36 69.97 96.47
NYISO 41.11 60.1 T1.77 79.07
ERCOT 28.35 36.71 42.27 51.9
MISO 29.82 37.89 44.7 51.95
SPP 2791 33.8 39.19 95.07
CAISO 38.7 45.96 53.5 78.04

Note: Table shows the 75", 90", 95" and 99*" percentiles of simulated equilibrium prices averaged across the

years of our sample for each market in dollars per megawatt hour.

Table B.1 gives the mean across all years of the sample of the 75, 90", 95t and 99th
percentiles of simulated equilibrium prices for each market. This (roughly) gives the average

value of the price caps being implemented in Figures 8 and B.7 for each market.

the supply curve and the policy price between the first-best and policy total loads (e.g., Q*(P¥?) and Qd(PPOZ)).
To calculate lost CS from attentive consumers, we take the (1 —a)-0.5-|Q%(PF") — Q*(P¥?)| .| PP — PFB|,
where Q7 is the true demand curve. To calculate lost CS from inattentive consumers, we take a - 0.5 - |Q*(P) —
QY (PTE)|.|P — PTB| (i.e. a times the lost CS from the QoS flat policy).

35This conjecture is not exactly true, even without caps and with linear supply curves, because inattentive
consumers change equilibrium prices, causing surplus losses for attentive consumers.
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Table B.2: Variable Cost Recovery

Market Flat Peak 20 CPP Peak + 20 CPP  RTP 90 Cap
PJM -5027 -3654 -3403 —2638 -998
ISO-NE -1063 -916 798 714 550
NYISO -1083 -859 742 —616 -322
ERCOT -16616 -11229 -12918 —9936 -1953
MISO -1497 —-886 -1164 —692 —623
SPP -1052 753 -973 725 —416
CAISO -1730 -1331 -1611 -1303 —655

Note: Table shows the mean annual variable profits for the utility under various pricing schemes in millions of
dollars. All values used come from the in-sample equilibrium basis, critical peak pricing policies price and call

on day-ahead prices, and RTP uses an in-sample 90th percentile price cap, as in Appendix Figure B.7.

Table B.2 shows the cost recovery performance of four in-sample policies in each market,
averaged across the years of the sample. To do this, we calculate the variable profits (e.g.,
policy price minus wholesale equilibrium price times equilibrium quantity) for each policy in
our sample for the in-sample flat policy.?> Notably, all these averages are negative3’—this is
because the flat tariff is an unweighted average of simulated RTP prices, not a load-weighted one
(and similarly in a regression context for TOU/CPP). In our earlier welfare analyses, these losses
are assumed to be recovered through the fixed charge (or through some other nondistortionary
tax instrument). However, we also find that, for all the policies we consider, no market-years
simulated result in shortfalls relative to the flat policy, and the additional variable profits from
time-varying pricing are significant in magnitude. This is as expected for TOU/CPP: a mean-
preserving change to a flat tariff that increases (decreases) prices during higher (lower) marginal
cost hours shifts load away from hours where the utility suffers losses and towards hours where
they make profits. For RTP with a price cap, we are instead eliminating all profitable hours
and most unprofitable hours, and limiting losses in the most unprofitable hours. Even though
this mechanically results in losses for the utility, these are below the average losses with any
other policy. Overall, this leads us to conclude that the implementation of these policies would

not result in significant shortfalls for utilities—in fact, we predict that the opposite will occur.

36We focus on in-sample policies to avoid significant differences in mean prices between TOU/CPP and capped
RTP policies.

3"Dividing the losses for the flat tariff in this table by total annual load results in losses well below $10/MWh,
with the exception of ERCOT.
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Table B.3: Peak Load Avoided (MW)

Market Obs. Max Peak 20 CPP Peak + 20 CPP  RTP 90 Cap
PIM 147551 1945 3086 4081 3988
ISO-NE 25045 244 155 291 356
NYISO 30897 426 605 879 661
ERCOT 71868 1375 1367 1821 1832
MISO 112269 1583 3518 3978 2510
SPP 48581 496 571 907 814
CAISO 46244 415 834 1100 1509

Note: Table shows the mean difference in yearly maximum load between the listed policy and a flat tariff. “Obs.
Max” column shows the average observed annual maximum load across years of our sample, which is equivalent
to our simulated flat tariff load (see Appendix A.1). All values used come from the out-of-sample equilibrium
basis, critical peak pricing policies price and call on day-ahead prices, and RTP uses an in-sample 90th percentile

price cap, as in Appendix Figure B.7.

One potential benefit of dynamic pricing policies beyond avoided deadweight loss from short-
run mispricing is that, if the policy incentivizes reductions in load during the highest demand
hours of the year, utilities may be able to avoid costly investments in capacity. To this end,
Table B.3 shows the difference in average annual maximum load between a flat tariff and four
different dynamic policies. Notably, these policies are not clearly ranked across markets along
this metric. CPP policies are designed to reduce extreme peak load. However, utilities do
not have perfect foresight about the highest n peaks. Further, even if CPP correctly targeted
exactly those hours, it may leave some nearly-as-high load hours unaffected. Peak pricing, on
the other hand, applies a much smaller price change to all peak hours in the year. This policy
will affect nearly all the highest load hours relative to CPP, but will obviously reduce load in
these hours by less. Similarly, the capped RTP policy is certain to affect all of the highest-load
hours, but the price cap will bind in the hours we most want to be targeting.

Regardless of the relative ranking, it is apparent that all of the policies we propose have the
potential to reduce peak load. On average, these policies are reducing peak load by 1-3%. To
quantify the economic benefits of long-run reductions in capacity requirements, we turn to a
metric called the annualized cost of new entry (CONE). Utilities calculate this number as the
annualized capital cost in dollars per megawatt of increasing the system capacity. Typically,
this figure falls around $100,000 per MW of generation capacity per year (Newell et al. 2018).
Multiplying the numbers in Table B.3 by this figure implies long-run savings of the same order

of magnitude as our static welfare gains explored in the body of the paper. Then dividing
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these numbers by the average static deadweight losses in Table 3, we would find welfare gains
from avoided investment equivalent to a policy that yielded an R? of between 6% and 170%
across markets, typically falling between 20-60%. However, we caution that this is a back of
the envelope calculation that ignores important spatial reliability concerns, and this disinvest-
ment would also change the slope of the merit order (and would thus affect our static welfare
calculations). It is also important to note that, in our analysis, we are targeting price variation.
If, for example, a utility instead targeted CPP events not at the highest price hours but at the
highest load hours, they may be able to reduce investment by even more than what is suggested

here. Therefore, we interpret these findings as suggestive only.

Table B.4: Predicting Welfare Gains with Covariates

Peak Peak x Weekend x Season

(1) (2) 3) (4) (5) (6) (7) (8)
Fossil Share 0.190 0.103  0.033 | 0.194 0.093  -0.322
(5.25) (1.24)  (0.18) | (3.46) (0.75)  (-1.00)
Solar/Wind/Geo Share -0.065 -0.109  0.325 | -0.042 -0.035 0.213
(-0.49) (-0.75)  (1.36) | (-0.21) (-0.16) (0.51)
Nuclear Share -0.096 -0.228  -0.233 | -0.020 -0.316  -0.560
(-1.19) (-2.12) (-0.52) | (-0.16) (-1.98) (-0.72)
Hydro Share -0.048 -0.078  0.308 | -0.117 -0.151  0.220
(-0.40) (-0.58)  (0.64) | (-0.63) (-0.75)  (0.26)
Cooling Degree Days 0.043  0.013 0.028 0.029 -0.011  0.206
(4.36)  (0.51) (0.25) (2.01) (-0.31) (1.06)
Heating Degree Days 0.013  0.003 -0.025 0.005 -0.006  0.000
(1.69) (0.24) (-0.91) (0.42) (-0.32) (0.01)
Precipitation -0.001  0.002  0.000 0.001  0.004  0.002
(-0.45) (1.07) (0.27) (0.83) (2.10) (1.15)

Observations 56 56 56 56 56 56 56 o6

Year + Market FEs No No No Yes No No No Yes

Note: t-statistics in parentheses. Regressand is the renormalized equilibrium-basis R? of the policy listed in the
header. Regressors are generation shares (in proportions), ISO-average cooling/heating degree days and inches
of precipitation, and ISO and market fixed effects. All regressions run without a constant, as the generation

shares sum to 1. Fossil generation includes coal, natural gas, and oil.
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We may be interested in explaining why the welfare benefits of these policies are hetero-
geneous across market-years, especially given the ongoing energy transition. To this end, we
have collected two additional datasets. First, from the plant-level EIA Forms 860 and 923, we
generate fuel mixes for each of the market-years in our sample. As fossil generation is flexible
and dispatchable while nuclear, hydro, solar and wind are not, one might expect wholesale
market pricing volatility to decrease in fossil generation and vice versa. Second, we construct
market-year level weather data from the NOAA nClimDiv state files (NOAA 2014). In partic-
ular, for each ISO, we generate annual average cooling degree days, heating degree days, and
precipitation, weighted by state population served by the ISO. One might expect that markets
with more extreme weather exhibit more volatile pricing. These two data sources roughly cor-
respond to changes on the supply and demand side of the market, respectively. Therefore, we
can regress our renormalized R? metric on these supply and demand shifters in an attempt to
explain how welfare benefits of adopting these policies vary across markets.

Table B.4 presents the results of these regressions for two separate policies: peak pricing
and peak by weekend by season pricing. For the cross-market regressions in columns 1-3, we
find that the coefficients on fossil fuel share are positive and significantly greater than the
negative coeflicients on renewables, nuclear, and hydro. This is true for both policies, if slightly
weaker for the more complex tariff in columns 5-7. This is exactly as expected, as flexible fossil
generation might reduce variance in supply, reducing variance in wholesale prices which, all else
equal, increases the R%2. The opposite might be true for intermittent renewables or inflexible
nuclear. This would suggest that, as the energy transition progresses and fossil generation
declines, we will see smaller relative welfare gains from an intermediary time-varying pricing
scheme, strengthening the case for true real-time pricing. However, as is visible in columns 4
and 8, we do not observe this relationship within market over time (and after netting out a
common time trend across markets). There are many other market-varying or time-varying
factors that influence the effectiveness of these policies (imports/exports, changes to the shape
of the load curve, etc.), so we interpret these findings with caution. For the weather variables,

we do not find a particularly consistent or compelling relationship across specifications.
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Table B.5: Descriptive Statistics of Supply Shocks (GW)

Market Mean SD P25 P75 Summer  Capacity Low-MC
Mean Capacity
PJM -8.94 27.09 -19.08 8.57 -5.60 211.03 48.14
ISO-NE —2.24 5.81 -7.11 2.10 -0.73 36.22 9.24
NYISO 0.94 6.50 -1.38 5.07 2.58 44.41 13.05
ERCOT -1.90 13.78 —6.91 6.30 0.20 96.46 13.64
MISO 4.73 24.95 -6.15 22.32 5.85 164.01 23.30
SPP 2.50 8.90 —0.46 7.27 3.81 76.23 12.01
CAISO —4.19 9.95 -10.24 2.21 -1.74 67.47 19.14

Note: Table shows descriptive statistics of supply shocks for all hours of all years for each market (in GWh).
Supply shocks are defined as the horizontal distance needed to shift the base merit order curve in order to
rationalize the observed (price, load) pair. Positive (negative) values constitute rightward (leftward) shifts of the
base merit order. Summer includes months April through September. Capacity gives the maximum capacity
of the base merit order, averaged across years for each market. Low-MC is defined as wind, solar, hydro, and

nuclear.

In our data, we have base merit orders for each market-year, which we shift horizontally
to justify the observed price and quantity in each hour (see Appendix A.1 for further details).
Table B.5 gives descriptive statistics of the implied hourly supply shocks. Several details of
note emerge. First, the mean supply shock is generally not zero, although this mean is small
relative to the total capacity of the market. Across markets, the share of supply shocks that are
negative ranges from 27% (SPP) to 66% (CAISO). The variance of these shifts is also large—
this could be due to many factors, including renewables intermittency, outages, maintenance,
congestion constraints, ramping costs, and imports/exports. Our use of these shocks is most
consistent with changes to the availability of low marginal cost units. Across markets, the
standard deviation of the shocks is on average half the capacity of low-MC (wind, solar, hydro,
and nuclear) units, and the interquartile range is on average slightly smaller than that capacity.
This suggests that intermittency plays a role but cannot explain all of our observed supply
shocks. Reassuringly, the summer mean is in all cases greater than the unconditional mean,

consistent with greater renewable generation in those months.
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Table B.6: Comparing Different Inefficiencies

Inefficiency DWL Price Wedge Mean Price Wedge SD
Flat Pricing 12.03 0 29.22
Carbon Externalities 19.21 -26.86 18.74
Fixed Cost Recovery 91.62 77.70 0
Carbon + Fixed Costs 47.76 50.84 18.74

All Three 54.19 50.84 29.22

Note: Table shows the average annual deadweight loss (in billions of dollars) summed across markets from various
inefficient pricing policies and the mean and standard deviation of the price wedge in dollars per MWh (averaged
across market-years). All policies are benchmarked against a price schedule that internalizes carbon externalities,

recovers fixed costs through the fixed charge, and passes through real-time variation in prices to consumers.

There are three major inefficiencies present in retail electricity pricing. We focus solely on
the failure of retail prices to pass real-time price variation onto end users. In doing so, we
abstract from both externalities from pollution and inefficient recovery of fixed costs through
volumetric rates. We now investigate the size of each of these inefficiencies in isolation, as well
as the extent to which they may offset each other.

To do so, note that consideration of pollution externalities requires us to generate a social
marginal cost curve and a new socially optimal price schedule. Our merit order data includes
CO2 emissions rates, which we combine with a a $190 social cost of carbon. For simplicity,
we re-sort units according to their social marginal cost and estimate a spline approximation of
the SMC curve, much like with the private marginal cost curves considered previously.?® We
then shift this base SMC curve using the same supply shocks as before and cross it with our
hourly demand curve to generate the socially optimal price schedule. We then can vary policies
along our three inefficiencies. First, we can price either hourly, or collapse to an annual mean.
Second, we can set prices according to the PMC curve or the SMC curve. Finally, we can
either pass fixed costs onto consumers using fixed fees or add them into volumetric rates. To
implement this, we add $77.7 per MWh to the price in each hour, taken as the mean difference
between marginal prices and marginal costs in Table 5 of Borenstein and Bushnell (2022a).

The first three rows of Table B.6 presents the three inefficiencies taken individually. We find
that the deadweight loss from flat pricing is significant, somewhat smaller than the inefficiency
from failing to price carbon emissions, though substantially smaller than that from inefficient
cost recovery. However, the source of these inefficiencies is different. Inefficient cost recovery

creates a large price wedge on average, but by the same amount in each hour. Flat pricing,

38This resorting ignores allocative inefficiencies, but is much more tractable.
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however, is correct on average, but creates wedges with the same variance as the socially optimal
price schedule. Marginal damages from carbon emissions are on average positive, but also vary
hour-by-hour—externalities cannot be fully internalized without time-varying prices, so row 1
includes environmental inefficiencies even though the average marginal damage is included in
the price.?” Additionally, note that inefficient cost recovery and the average externality partially
offset each other—naturally, their average price wedges sum. Row 4 shows a lower deadweight
loss than row 3. However, the variance of the price wedges in this policy is inherited from
carbon damages, although this variance is lower than the variance of price wedges from flat
pricing alone (because MD and PMC are positively correlated).

In sum, we conclude that deadweight loss from flat pricing is smaller than the deadweight
loss created by inefficient cost recovery or pollution externalities in isolation. However, this
deadweight loss is still economically large in its own right, it is not subject to “two wrongs
making a right” on average, and correcting the flat pricing inefficiency is necessary to fully

internalize pollution damages.

390ne may note that the average DWL from flat pricing is approximately six times larger in Appendix Table
B.6 than in Table 3. This is because the variance in first-best prices (i.e., the variance of the price wedges) when
considering pollution damages is much larger than when ignoring it, and because the slope of the SMC curve is
usually larger than the slope of the PMC curve.

“ONote that we have assumed damages from local externalities such as SO2 and NOx emissions, which are
correlated with carbon damages, are internalized by other policies (e.g., the acid rain program). Borenstein and
Bushnell (2022a), who do not do this, find a price wedge mean which is much closer to 0.
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C Appendix: Repeated Exhibits
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Table C.1: ISO-level R? from In-Sample Electricity Tariff Regressions, Part 1

Panel A: PJM

Pricing Scheme 2001 2002 2003 2004 2005 2006 2007 2008 2009 2010
Flat Tariff . . 0 0 0 0 0 0 0 0

Peak . . .261 .216 .206 .136 171 .199 127 128
Peak x Weekend . . 291 .245 .240 .160 192 .208 143 141
Peak x Season . . 277 .225 .216 .150 185 .282 .207 .153
Peak x Weekend x Season . . .308 257 .250 77 207 291 224 .168
Peak x Weekend x Month . . .365 .335 .437 .282 .263 391 .370 .293
Hour x DoW x Month . . .601 .601 .665 481 1490 611 .558 493
CPP, 20 Events . . .168 123 .158 .305 177 172 231 .259
Pricing Scheme 2011 2012 2013 2014 2015 2016 2017 2018 2019 2020
Flat Tariff 0 0 0 0 0 0 0 0 0 0

Peak .092 114 120 .017 .050 131 .075 .034 .041 .089
Peak x Weekend .108 .136 143 .029 .057 153 .085 .039 .052 .105
Peak x Season 125 125 137 .050 .070 .150 .089 .054 .048 .100

Peak x Weekend x Season  .143 .149 .160 .067 .078 172 101 .061 .059 115
Peak x Weekend x Month .206 .236 204 187 .246 .232 .150 .240 .086 .208
Hour x DoW x Month 411 437 .398 .349 444 .500 .356 .361 312 453
CPP, 20 Events .360 .308 .349 493 .382 193 .263 .365 174 143

Panel B: ISO-NE

Pricing Scheme 2001 2002 2003 2004 2005 2006 2007 2008 2009 2010
Flat Tariff . . 0 0 0 0 0 0 0 0

Peak . . 131 .130 .130 .099 .189 119 .092 .097
Peak x Weekend . . 135 141 .136 .110 .199 125 .096 .106
Peak x Season . . 147 .146 134 .103 .201 .230 .236 .102
Peak x Weekend x Season . . 151 158 141 .116 212 237 .240 116
Peak x Weekend x Month . . .248 .258 488 .164 .340 414 437 .286
Hour x DoW x Month . . 453 .460 .646 351 .516 .554 576 470
CPP, 20 Events . . 281 .365 172 .305 197 .266 224 274
Pricing Scheme 2011 2012 2013 2014 2015 2016 2017 2018 2019 2020
Flat Tariff 0 0 0 0 0 0 0 0 0 0

Peak .067 .076 .031 .02 .029 .029 .032 .015 .029 .050
Peak x Weekend .074 .081 .034 .028 .032 .036 .033 .019 .032 .053
Peak x Season .068 .084 .106 .169 117 .032 .083 .048 126 .082

Peak x Weekend x Season  .075 .089 110 179 121 .039 .088 .053 132 .085
Peak x Weekend x Month .252 .243 .257 AT8 461 128 .260 .208 .259 .242
Hour x DoW x Month .402 .443 .385 572 581 334 .382 .349 401 412
CPP, 20 Events 371 .280 .323 321 .264 314 .392 .344 .336 318

Note: Cells of this table present R? values for regressions of the hourly ISO-average price of electricity observed
in the wholesale market in a given year (given by the column) and a given set of independent variables which

define a time-of-use or critical-peak price schedule (given by the row).
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Table C.1: ISO-level R? from In-Sample Electricity Tariff Regressions, Part 2

Panel C: NYISO

Pricing Scheme 2000 2001 2002 2003 2004 2005 2006 2007 2008 2009 2010
Flat Tariff 0 0 0 0 0 0 0 0 0 0 0

Peak .069 .070 .072 .138 .204 .088 .089 .102 .087 .074 .072
Peak x Weekend .072  .080 .087 .147 .219 .096 .105 .111 .090 .081 .077
Peak x Season 073 .087 .081 .140 .212 .098 .095 .105 .157 .145 .078

Peak x Weekend x Season .076 .098 .099 .150 .227 .106 .113 .116 .161 .153 .085
Peak x Weekend x Month  .142  .184 .235 .307 .295 .295 .179 .147 296 .261 .184

Hour x DoW x Month 327 357 417 494 530 480 364 340 454 459  .393
CPP, 20 Events 303 386 279 218 211 247 408 .291 207 .168  .209
Pricing Scheme 2011 2012 2013 2014 2015 2016 2017 2018 2019 2020

Flat Tariff 0 0 0 0 0 0 0 0 0 0

Peak .053 .057 .049 .021 .041 .042 .054 .031 .061 .067

Peak x Weekend .060 .066 .056 .035 .048 .047 .060 .033 .067 .074

Peak x Season .059 .062 .057 .110 .081 .046 .067 .045 .088 .076

Peak x Weekend x Season .066 .073 .064 .128 .089 .051 .075 .049 .097 .084
Peak x Weekend x Month  .139  .125 .164 .373 .401 .117 .136 .219 .197 .234
Hour x DoW x Month 337 338 314 482 551 334 .345 .351 .378  .433
CPP, 20 Events 316 317 396 434 291 241 250  .347 232  .236

Panel D: ERCOT

Pricing Scheme 2001 2002 2003 2004 2005 2006 2007 2008 2009 2010

Flat Tariff

Peak

Peak x Weekend

Peak x Season

Peak x Weekend x Season
Peak x Weekend x Month
Hour x DoW x Month
CPP, 20 Events

Pricing Scheme 2011 2012 2013 2014 2015 2016 2017 2018 2019 2020
Flat Tariff 0 0 0 0 0 0 0 0 0 0

Peak .014 .025 .016 .004 .027 .050 .037 .020 .009 .032
Peak x Weekend .017 .026 .017 .006 .028 .050 .039 .021 .010 .032
Peak x Season .030 .028 .023 .006 .045 .061 .046 .028 .019 .035

Peak x Weekend x Season .037 .032 .025 .008 .046 .064 .050 .030 .024 .039
Peak x Weekend x Month 138 .048 .043 .020 .086 .101 .070 .063 .097 .086
Hour x DoW x Month 361 264 317 256  .310 .312 289 .268 .280 .319
CPP, 20 Events 345 317 208 .035 .275 .291 282 266 .485  .349

Note: Cells of this table present R? values for regressions of the hourly ISO-average price of electricity observed
in the wholesale market in a given year (given by the column) and a given set of independent variables which

define a time-of-use or critical-peak price schedule (given by the row).
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Table C.1: ISO-level R? from In-Sample Electricity Tariff Regressions, Part 3

Panel E: MISO

Pricing Scheme 2001 2002 2003 2004 2005 2006 2007 2008 2009 2010
Flat Tariff . . . . 0 0 0 0 0 0

Peak . . . . .240 .203 .220 221 .209 197
Peak x Weekend . . . . .298 244 .265 .259 .230 217
Peak x Season . . . . 247 211 228 .248 .253 211
Peak x Weekend x Season . . . . .309 253 276 287 275 .232
Peak x Weekend x Month . . . . 418 321 .320 .385 .323 .315
Hour x DoW x Month . . . . .623 .5b4 .567 .630 .533 .557
CPP, 20 Events . . . . .199 .208 132 .150 124 .148
Pricing Scheme 2011 2012 2013 2014 2015 2016 2017 2018 2019 2020
Flat Tariff 0 0 0 0 0 0 0 0 0 0

Peak .140 077 114 .058 144 .164 132 .090 .052 .098
Peak x Weekend 157 .086 132 .072 .164 192 148 .106 .063 113
Peak x Season 157 .086 127 .068 .153 .188 152 .100 .055 107

Peak x Weekend x Season 173 .097 147 .082 173 217 .169 116 .066 122
Peak x Weekend x Month .225 .154 174 .149 .259 .363 198 174 .094 .194

Hour x DoW x Month .463 .370 .397 .398 470 .583 415 .389 313 422
CPP, 20 Events .203 .243 .136 .268 .184 .243 .198 .205 .204 .153
Panel F: SPP

Pricing Scheme 2001 2002 2003 2004 2005 2006 2007 2008 2009 2010
Flat Tariff . . . . . . 0 0 0 0
Peak . . . . . . .204 189 .096 145
Peak x Weekend . . . . . . 214 .205 .108 .155
Peak x Season . . . . . . 212 .301 133 .160
Peak x Weekend x Season . . . . . . .223 317 146 .170
Peak x Weekend x Month . . . . . . .260 .508 202 .296
Hour x DoW x Month . . . . . . .560 731 1451 .558
CPP, 20 Events . . . . . . 127 114 116 .099
Pricing Scheme 2011 2012 2013 2014 2015 2016 2017 2018 2019 2020
Flat Tariff 0 0 0 0 0 0 0 0 0 0
Peak .163 176 170 .019 .029 .029 .034 .024 .028 .065
Peak x Weekend .170 .184 .182 .021 .030 .030 .034 .025 .030 .068
Peak x Season .229 .196 188 .021 .031 .031 .038 .025 .033 .068

Peak x Weekend x Season  .236 .204 .203 .023 .032 .032 .038 .028 .035 .072
Peak x Weekend x Month .332 312 .257 .036 .047 .061 .050 .044 .041 114
Hour x DoW x Month .568 547 512 .289 .326 .286 273 .263 .284 .328
CPP, 20 Events 112 144 .094 113 .075 113 077 .097 .083 125

Note: Cells of this table present R? values for regressions of the hourly ISO-average price of electricity observed
in the wholesale market in a given year (given by the column) and a given set of independent variables which

define a time-of-use or critical-peak price schedule (given by the row).
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Table C.1: ISO-level R? from In-Sample Electricity Tariff Regressions, Part 4

Panel G: CAISO

Pricing Scheme 2001 2002 2003 2004 2005 2006 2007 2008 2009 2010
Flat Tariff . . . . . . . . 0 0
Peak . . . . . . . . .036 .039
Peak x Weekend . . . . . . . . .037 .040
Peak x Season . . . . . . . . .056 .045
Peak x Weekend x Season . . . . . . . . .058 .047
Peak x Weekend x Month . . . . . . . . .080 .064
Hour x DoW x Month . . . . . . . . .345 .306
CPP, 20 Events . . . . . . . . 155 .101
Pricing Scheme 2011 2012 2013 2014 2015 2016 2017 2018 2019 2020
Flat Tariff 0 0 0 0 0

Peak .029 .027 .027 .035 .016

Peak x Weekend .030 .027 .029 .038 .016

Peak x Season .034 .032 .037 .043 .021

Peak x Weekend x Season  .036 .032 .039 .046 .023
Peak x Weekend x Month .060 .058 .061 .090 .047
Hour x DoW x Month .310 271 .292 331 273
CPP, 20 Events .082 152 .103 101 128

Note: Cells of this table present R? values for regressions of the hourly ISO-average price of electricity observed
in the wholesale market in a given year (given by the column) and a given set of independent variables which

define a time-of-use or critical-peak price schedule (given by the row).
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Table C.2: Node-Level R? from Electricity Tariff Regressions, Part 1

Panel A: PJM

Pricing Scheme 2001 2002 2003 2004 2005 2006 2007 2008 2009 2010
Flat Tariff . . 0 0 0 0 0 0 0 0

Peak . . .228 .166 153 .103 113 .130 .087 .080
Peak x Weekend . . .254 .189 179 121 127 .136 .098 .088
Peak x Season . . 244 173 .160 113 122 .185 .140 .096
Peak x Weekend x Season . . .270 .199 .186 133 136 191 152 .105
Hour x DoW x Month . . 527 451 487 .362 .324 .400 378 .306
County . . .000 .016 .004 .001 .003 .006 .005 .003
Pricing Scheme 2011 2012 2013 2014 2015 2016 2017 2018 2019 2020
Flat Tariff 0 0 0 0 0 0 0 0 0 0

Peak .067 .081 .059 .013 .031 .062 .042 .022 .023 .025
Peak x Weekend .079 .096 .071 .023 .035 .072 .047 .026 .028 .030
Peak x Season .093 .088 .068 .038 .041 .070 .049 .035 .027 .028
Peak x Weekend x Season .105 .105 .079 .051 .046 .081 .056 .039 .033 .033
Hour x DoW x Month .300 .308 195 271 .262 .235 .196 .230 172 128
County .002 .001 .001 .000 .000 .000 .000 .000 .000 .000

Panel B: ISO-NE

Pricing Scheme 2001 2002 2003 2004 2005 2006 2007 2008 2009 2010
Flat Tariff . . 0 0 0 0 0 0 0 0

Peak . . .120 123 111 .083 148 113 .091 .093
Peak x Weekend . . 124 133 .116 .092 .156 119 .094 .102
Peak x Season . . 134 138 115 .086 158 219 .230 .097
Peak x Weekend x Season . . .139 .149 121 .097 167 .225 .234 111
Hour x DoW x Month . . 416 435 .552 294 .405 527 .564 451
County . . .001 .000 .001 .001 .002 .001 .000 .000
Pricing Scheme 2011 2012 2013 2014 2015 2016 2017 2018 2019 2020
Flat Tariff 0 0 0 0 0 0 0 0 0 0

Peak .065 .068 .030 .020 .028 .028 .030 .014 .028 .048
Peak x Weekend .071 .072 .034 .028 .031 .036 .031 .019 .031 .051
Peak x Season .066 .074 .104 .164 115 .031 077 .047 123 .080
Peak x Weekend x Season  .072 .079 .108 174 119 .039 .082 .052 129 .083
Hour x DoW x Month .386 .393 .378 .563 575 .328 .357 .340 .392 .399
County .000 .000 .000 .000 .000 .000 .000 .000 .000 .000

Note: Cells of this table present in-sample R? values for regressions of the hourly price of electricity observed in
each node in the wholesale market in a given year (given by the column) and a given set of independent variables

which define a time-of-use price schedule (given by the row).
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Table C.2: Node-Level R? from Electricity Tariff Regressions, Part 2

Panel C: NYISO

Pricing Scheme 2000 2001 2002 2003 2004 2005 2006 2007 2008 2009 2010
Flat Tariff 0 0 0 0 0 0 0 0 0 0 0
Peak .042 .051 .055 .087 .117 .054 .058 .064 .038 .041 .045
Peak x Weekend .044 .058 .067 .092 .125 .059 .068 .070 .040 .045 .048
Peak x Season .044 .064 .062 .088 .121 .060 .062 .066 .070 .080 .049
Peak x Weekend x Season .046 .073 .076 .094 .130 .065 .074 .072 .072 .085 .053
Hour x DoW x Month 199 263 .320  .311  .304  .294 236 .213 202 .254  .246
County .001 .002 .001 .001 .000 .001 .003 .001 .000 .001 .001
Pricing Scheme 2011 2012 2013 2014 2015 2016 2017 2018 2019 2020

Flat Tariff 0 0 0 0 0 0 0 0 0 0

Peak .035 .036 .028 .017 .026 .020 .031 .021 .024 .027

Peak x Weekend .040 .043 .032 .028 .031 .023 .034 .023 .027 .029

Peak x Season .039 .040 .032 .088 .052 .023 .039 .031 .035 .030

Peak x Weekend x Season .044 .047 .037 .103 .057 .025 .043 .034 .039 .033

Hour x DoW x Month 223 217 178 .387  .355  .161 199 .240 .151 .171
County .001 .001 .001 .000 .001 .000 .001 .000 .001 .002

Panel D: ERCOT

Pricing Scheme 2001 2002 2003 2004 2005 2006 2007 2008 2009 2010

Flat Tariff

Peak

Peak x Weekend

Peak x Season

Peak x Weekend x Season
Hour x DoW x Month

County

Pricing Scheme 2011 2012 2013 2014 2015 2016 2017 2018 2019 2020
Flat Tariff 0 0 0 0 0 0 0 0 0 0
Peak .014 .017 .012 .004 .019 .025 .012 .013 .010 .016
Peak x Weekend .016 .018 .014 .005 .019 .026 .013 .013 .011 .017
Peak x Season .030 .019 .017 .005 .031 .031 .015 .018 .020 .018
Peak x Weekend x Season .035 .022 .019 .007 .032 .033 .016 .019 .023 .020
Hour x DoW x Month 341 179 242 217 212 158 .093  .165 .269 .162
County .000  .000 .000 .000 .000 .000 .000 .000 .000 .000

Note: Cells of this table present in-sample R? values for regressions of the hourly price of electricity observed in
each node in the wholesale market in a given year (given by the column) and a given set of independent variables

which define a time-of-use price schedule (given by the row).
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Table C.2: Node-Level R? from Electricity Tariff Regressions, Part 3

Panel E: MISO

Pricing Scheme 2001 2002 2003 2004 2005 2006 2007 2008 2009 2010
Flat Tariff . . . . 0 0 0 0 0 0

Peak . . . . .166 .126 138 .164 .107 .099
Peak x Weekend . . . . 207 152 .166 191 118 .108
Peak x Season . . . . A71 131 .143 .186 129 .106
Peak x Weekend x Season . . . . 214 157 173 214 141 116
Hour x DoW x Month . . . . .430 .344 .355 .466 274 .279
County . . . . .000 .001 .001 .000 .000 .000
Pricing Scheme 2011 2012 2013 2014 2015 2016 2017 2018 2019 2020
Flat Tariff 0 0 0 0 0 0 0 0 0 0

Peak .070 .038 .041 .028 .044 .057 .044 .041 .028 .028
Peak x Weekend .078 .043 .048 .034 .050 .066 .049 .048 .034 .032
Peak x Season .078 .043 .046 .032 .047 .065 .050 .045 .03 .031
Peak x Weekend x Season .086 .048 .053 .039 .053 .075 .056 .053 .036 .035
Hour x DoW x Month 231 .183 .143 .188 144 .200 138 177 .168 121
County .000 .000 .000 .000 .000 .000 .000 .000 .000 .000

Panel F: SPP

Pricing Scheme 2001 2002 2003 2004 2005 2006 2007 2008 2009 2010
Flat Tariff . . . . . . 0 0 0 0

Peak . . . . . . .056 .097 .037 .066
Peak x Weekend . . . . . . .059 .106 .042 .071
Peak x Season . . . . . . .058 .156 .052 .073
Peak x Weekend x Season . . . . . . .061 .164 .057 077
Hour x DoW x Month . . . . . . 154 .379 175 .255
County . . . . . . .000 .000 .000 .000
Pricing Scheme 2011 2012 2013 2014 2015 2016 2017 2018 2019 2020
Flat Tariff 0 0 0 0 0 0 0 0 0 0

Peak .102 .084 .092 .016 .023 .021 .022 .016 .019 .031
Peak x Weekend .107 .087 .098 .018 .024 .022 .022 .018 .020 .033
Peak x Season 144 .093 .102 .018 .024 .022 .025 .018 .023 .033
Peak x Weekend x Season 148 .097 .110 .019 .025 .023 .025 .019 .024 .035
Hour x DoW x Month .356 .259 .276 .244 .248 .206 179 181 .193 .159
County .001 .000 .000 .000 .000 .000 .000 .000 .000 .000

Note: Cells of this table present in-sample R? values for regressions of the hourly price of electricity observed in
each node in the wholesale market in a given year (given by the column) and a given set of independent variables

which define a time-of-use price schedule (given by the row).
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Table C.2: Node-Level R? from Electricity Tariff Regressions, Part 4

Panel G: CAISO

Pricing Scheme 2001 2002 2003 2004 2005 2006 2007 2008 2009 2010
Flat Tariff . . . . . . . . 0 0
Peak . . . . . . . . .024 .033
Peak x Weekend . . . . . . . . .025 .034
Peak x Season . . . . . . . . .039 .037
Peak x Weekend x Season . . . . . . . . .040 .039
Hour x DoW x Month . . . . . . . . .236 .256
County

Pricing Scheme 2011 2012 2013 2014 2015 2016 2017 2018 2019 2020
Flat Tariff 0 0 0 0 0

Peak .024 .013 .015 .025 .010

Peak x Weekend .025 .013 017 .027 .010

Peak x Season .029 .016 .021 .032 .014

Peak x Weekend x Season .030 .016 .023 .034 .015

Hour x DoW x Month .258 132 .168 241 174

County

Note: Cells of this table present in-sample R? values for regressions of the hourly price of electricity observed in
each node in the wholesale market in a given year (given by the column) and a given set of independent variables

which define a time-of-use price schedule (given by the row).
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Renormalized R2

Renormalized R2

Figure C.1: Locational Pricing - ISO-NE
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Figure C.2: Locational Pricing - NYISO
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Renormalized R2

Renormalized R2

Figure C.3: Locational Pricing - ERCOT
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Figure C.4: Locational Pricing - MISO
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Renormalized R2
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