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1 Introduction

There is ample empirical evidence that forward markets allow producers and consumers

of a commodity to insure against fluctuations in the spot price (Basu and Miffre, 2013).

There is also a growing empirical literature demonstrating that forward prices for a

commodity provide important information about future spot prices (Cheng and Xiong,

2014). A number of scholars have argued that the improved information on future spot

prices provided by a liquid forward market can reduce both the costs of producing the

commodity and the prices paid by consumers of the commodity (Working (1953); Gray

(1964); Cox (1976)). However, because forward markets typically clear months or even

years before the commodity is delivered, it has proven difficult to demonstrate empirically

that producers or consumers of a commodity realize tangible economic benefits from the

existence of a liquid forward market for the commodity.

This paper uses data from day-ahead and real-time wholesale electricity markets in

California to investigate the claim that the existence of a liquid forward market can

reduce industry-wide production costs. We first demonstrate that the introduction of

financial trading on February 1st 2011 significantly increased forward market liquidity

and the extent to which forward prices agree with real-time prices at all locations (termed

“nodes”) in the transmission network in California. We then present empirical evidence

that the increased volume in trading day-ahead/real-time price differences enabled by

the introduction of purely financial participation led to tangible reductions in the cost of

serving electricity demand in California.

Electricity markets are an ideal setting to investigate the hypothesis that a liquid

forward market for a commodity can reduce the total cost of producing the commodity.

First, exactly the same product, electrical energy delivered to a specific location in the

transmission network at a specific hour of the day, is bought and sold in both the day-

ahead and real-time markets. Second, prior to the introduction of financial trading, there

were limited opportunities for market participants to trade day-ahead/real-time price dif-

ferences at individual nodes in the transmission network. Introducing purely financial

participation greatly increased the level of liquidity in the market for day-ahead/real-

time price spreads across all nodes in the network. Finally, clearing both day-ahead and

real-time markets requires solving a non-convex, mixed-integer mathematical program-

ming problem to determine which of the hundreds of generation units are turned on, how
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long they operate, and at what output levels in each hour of the day to satisfy demand

at thousands of nodes subject to an even larger number of physical operating constraints

such as the capacity of individual links of the transmission network or individual gen-

eration unit ramp rates.1 The information encoded in purely financial bids submitted

to the day-ahead market can help the market operator find lower cost solutions to this

complex market-clearing problem, especially during high demand conditions when many

of the aforementioned operating constraints are likely to bind.

We first demonstrate that the introduction of financial trading increased forward

market liquidity and increased the extent of agreement between day-ahead and real-time

prices at all nodes in the transmission network. To do this, we develop a measure of

the extent to which the 24-dimensional vector of hourly average day-ahead prices at a

location in the transmission network reflects the 24 hourly average real-time prices at

the same location. This measure is based on a model of the behavior of a hypothetical

purely financial participant with access to 24 assets corresponding to the average day-

ahead/real-time price differences for each hour of the day.2 This hypothetical trader faces

a transaction cost c associated with buying or selling one megawatt-hour of any of these

assets. The trader buys or sells the portfolio of day-ahead/real-time price differences that

yields the highest expected profits after accounting for this trading charge.3 Using this

model of expected profit-maximizing trading behavior, we compute two measures of the

extent to which day-ahead and real-time prices disagree. The first is the smallest value

of the transaction cost c that leads to rejection of the null hypothesis that there exists a

trading strategy that earns positive expected profits. The second is the largest value of

c that leads to rejection of the null hypothesis that no profitable trading strategy exists.

We compute these two measures of “implied trading costs” using hourly, location-

specific data on day-ahead and real-time prices from California’s wholesale electricity

market from 4/1/2009-3/31/2012. We find that both of these measures fell substantially

1Transmission lines can only transfer a finite amount of energy per minute. Generation units can
only change their instantaneous output level by a finite amount of megawatts per minute. This upper
bound is called the unit’s ramp rate.

2This formulation is consistent with the market rules governing all U.S. wholesale electricity markets.
Specifically, purely financial trading in these markets occurs daily rather than hourly because financial
participants simultaneously submit bids to trade day-ahead/real-time price differences at each node in
the transmission network for all 24 hours of the following day.

3The relatively small literature on the role of trading costs in explaining differences between forward
and spot commodity prices focuses either on incorporating trading costs into theoretical models (Williams
(1987); Hirshleifer (1988); Dávila and Parlatore (2019)) or quantifying the explicit transaction fees paid
by traders in different markets (Frazzini, Israel and Moskowitz, 2018).
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after California introduced purely financial participation on February 1st 2011.4 We also

find that the volatility of the vector of day-ahead/real-time price differences fell after the

introduction of financial trading. Both of these results support our argument that the

introduction of purely financial participation increased forward market liquidity and the

extent of agreement between day-ahead and real-time prices.

One might be concerned that our measure of the extent of disagreement between

day-ahead and real-time prices falls over time for reasons other than the introduction of

financial trading. To assuage this concern, we examine how implied trading costs change

with the introduction of financial trading at “generation nodes,” locations where gener-

ation units are connected, versus “demand-withdrawal nodes,” locations where electric

utilities and other large consumers withdraw energy. Before financial trading was in-

troduced, only suppliers could trade day-ahead/real-time price differences, and only at

nodes where they owned generation units.5 They could do so by adjusting the day-ahead

and real-time offer curves associated with their units. In contrast, the market rules in

California require the utilities purchasing electricity to submit day-ahead demand curves

at the service territory level; service territories typically contain hundreds of demand-

withdrawal nodes. Consequently, before financial trading was introduced, there was no

way for any market participant to trade price differences at individual demand-withdrawal

nodes.

We find two empirical results consistent with the above logic. First, before the

introduction of financial trading, implied trading costs were higher on average at demand-

withdrawal nodes relative to generation nodes. Second, the reduction in implied trading

costs due to the introduction of financial trading is larger for demand-withdrawal nodes

than generation nodes. In fact, implied trading costs are not statistically different for

generation nodes versus demand-withdrawal nodes after the introduction of financial

trading. These results provide evidence that introducing purely financial participation

increased forward market liquidity and resulted in day-ahead electricity prices that better

reflect real-time conditions, especially at demand-withdrawals nodes where trading day-

4Consistent with our empirical results, a simulation study by Li, Svoboda and Oren (2015) finds
that the trading revenues (excluding trading costs) from implementing their optimal strategy to trade
day-ahead/real-time price differences fell significantly after California introduced financial trading.

5A supplier’s ability to trade day-ahead/real-time price differences prior to the introduction of finan-
cial trading was limited even further because the largest quantity of energy they could offer to sell was
equal to the capacity of their generation units at the location and the largest quantity they could offer
to buy at that location was zero.
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ahead/real-time price spreads was previously unfeasible.

Introducing financial trading can reduce the cost of serving market-wide demand

because purely financial bids submitted to the day-ahead market can impact real-time

system operating conditions. This is because purely financial bids are treated the same

as physical bids to consume or produce energy in the day-ahead market-clearing process.

This means that any market participant can take a position in the day-ahead market as

a “virtual” electricity supplier or demander by submitting a bid to buy or sell energy at

any location in the transmission network. If this bid is accepted in the day-ahead market,

then the market operator reverses the virtual bidder’s position at that location in the

real-time market as a price-taker. For this reason, purely financial trading in wholesale

electricity markets is termed “explicit virtual bidding”. We argue that the expected

profit-maximizing bids placed by purely financial traders in the day-ahead market can

help the system operator find lower-cost solutions to the complicated mixed-integer prob-

lem required to operate the system in real-time. These purely financial bids are likely to

be especially valuable during high demand conditions when a larger number of physical

operating constraints such as transmission congestion are likely to bind.

Based on this intuition, we employ a difference-in-differences estimator that compares

various market performance measures on high demand days versus low demand days

before versus after the introduction of explicit virtual bidding (EVB). Specifically, we

define “high demand days” as days with system-wide electricity demand greater than

the 75th percentile of the distribution of daily demand. Our results indicate that the

introduction of EVB resulted in a 2.7% (2.8%) decrease in fuel costs (thermal input energy

consumed) per MWh of electricity produced from fossil-fuel-fired sources on high demand

days relative to low demand days. The annual fuel cost savings and annual reduction in

carbon emissions on high demand days due to the introduction of financial trading implied

by our estimates are roughly 24.6 million dollars and 298,000 tons of CO2 respectively.

Finally, we find that the introduction of EVB results in decreases on high demand days

relative to low demand days in the ancillary service costs associated with ensuring that

supply meets demand at every instant as well as the daily total number of start-ups by

natural gas-fired generation units. Combined, our empirical results provide evidence that

purely financial participation has tangible economic benefits without placing undue stress

on the physical operating constraints underpinning the production and transmission of
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electricity.

That being said, we recognize that purely financial participation in commodity mar-

kets is not without controversy. Specifically, many argue that financial traders earn

revenues primarily at the expense of producers and consumers of the commodity.6 For

wholesale electricity, some have argued that financial participants submit bids intended

to profit from the physical realities inherent to electricity production and transmission,

either by taking advantage of rules pertaining to starting up or ramping power plants

(Parsons et al., 2015) or by inducing transmission congestion (Birge et al., 2018). On

the other hand, previous work documents a substantial day-ahead/real-time price pre-

mium in electricity markets without financial participation, due either to market power

exercised by suppliers (Ito and Reguant, 2016) or risk preferences (Routledge, Spatt and

Seppi (2001); Bessembinder and Lemmon (2002); Longstaff and Wang (2004); Bessem-

binder and Lemmon (2006)). Moreover, others have argued that increases in financial

trading volumes decrease the exercise of unilateral market power (Saravia (2003); Mer-

cadal (2020)), decrease the volatility of electricity prices (Hadsell (2007)) and increase

grid reliability (Isemonger (2006)).

We contribute to this literature in two ways. First, our results indicate that the

introduction of explicit virtual bidding led to a significant increase in forward market

liquidity and increased agreement between day-ahead and real-time prices at each location

in the transmission network. Second, our findings provide empirical evidence that purely

financial participation can lower industry-wide production costs on high demand days

without unduly stressing the physical constraints inherent to electricity production and

transmission.

The remainder of the paper proceeds as follows. The next section describes how

California and other U.S. wholesale electricity markets operated before versus after the

introduction of EVB. Section 3 discusses several representative examples of how the

expected profit-maximizing actions of purely financial participants can reduce the cost

of serving system demand. We then present descriptive trends in day-ahead/real-time

price spreads for California’s wholesale electricity market in Section 4. We derive a

6See “Traders Profit as Power Grid Is Overworked,” New York Times, August 14, 2014 for the case
of wholesale electricity markets. See “U.S. Suit Sees Manipulation of Oil Trades,” New York Times,
May 24, 2011 for the case of oil. See “Did Goldman Sachs Rig Commodities Markets?” CNN Business,
November 20, 2014 for the case of aluminum.
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measure of how well forward prices reflect expected real-time prices in Section 5. Section

6 presents the results from applying our methodology to California’s wholesale electricity

market. Section 7 describes our econometric modeling framework and findings pertaining

to quantifying the market efficiency benefits of introducing financial trading. Finally, we

conclude in Section 8 by discussing the implications of our findings for electricity market

design.

2 Wholesale Electricity Market Operations With

and Without Financial Trading

In this section, we first provide details on how day-ahead and real-time markets operated

in California and other U.S. wholesale electricity markets prior to the introduction of

financial trading. The next subsection describes explicit virtual bidding (EVB), the

mechanism that allows market participants to purchase or sell day-ahead/real-time price

differences at thousands of nodes in the California transmission network. We emphasize

in this subsection that purely financial bids are directly incorporated into the day-ahead

and real-time market clearing processes. The final subsection explains that, prior to the

introduction of EVB, suppliers had a limited ability to trade day-ahead/real-time price

spreads and only at the locations where they owned generation units. In contrast, it was

not possible any market participant to trade day-ahead/real-time price spreads at an

individual node not associated with a generation unit prior to the introduction of EVB.

2.1 Locational Marginal Pricing in Multi-Settlement Markets

In most markets, products are shipped directly from seller to buyer. In wholesale elec-

tricity markets, generation units inject electricity into the transmission network and this

electricity flows to buyers according to Kirchhoff’s laws (Schweppe et al., 2013). Thus,

commitments between buyers and sellers of electricity constitute financial rather than

physical arrangements: the buyer does not withdraw the actual energy injected into the

transmission grid by the seller. Only the amount of energy injected by generation units
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and the amount of energy withdrawn by electricity demanders can be measured.7

All electricity supply industries have transmission networks with finite transfer ca-

pacity between locations in the network. For this reason, the system operator must

sometimes satisfy demand at a given location using higher-cost generation units closer

to this demand location rather than lower-cost units located farther away. Put another

way, finite transmission capacity, or what is more generally referred to as transmission

congestion, limits the amount of low-cost energy that can be injected at a location in the

transmission network to be transported and withdrawn elsewhere on the grid. Because

the frequency and magnitude of transmission congestion has grown over time, all U.S.

wholesale markets have adopted a dispatch and pricing mechanism that sets potentially

different prices at all points of injection and withdrawal in the transmission network.

This dispatch and pricing mechanism is called nodal pricing or locational marginal pric-

ing (LMP).

The LMP algorithm sets a potentially different price at each node that reflects all

relevant transmission network constraints, transmission losses, generation unit start-up

and ramping constraints, and other operating constraints relevant to withdrawing one

more MWh of energy at that location (Bohn, Caramanis and Schweppe, 1984). Locational

marginal prices in the day-ahead market are determined based on offer curves submitted

by suppliers and bid curves submitted by demanders (termed “load-serving entities”).

Specifically, suppliers submit generation unit-level offer curves and load-serving entities

submit locational demand curves for each of the 24 hours of the following day. Market

participants must submit all 24 of their hourly bid curves by 10AM on day t for electricity

to be delivered on day t+ 1.

Offer curves have three parts: a start-up cost offer, a minimum load cost offer and an

energy supply curve. The start-up cost offer is a fixed dollar payment that must be paid

to the generation unit owner if the unit is not generating electricity at the start of day

t + 1 but is accepted to produce a positive output at some point during that day. The

minimum-load cost offer is a fixed dollar payment that must be paid to the generation

unit owner for each hour that the unit is producing energy at its minimum safe operating

7As discussed in Schweppe et al. (2013), both the quantity of electricity injected by each generation
unit as well as where this electricity is withdrawn depends on the level of demand at all locations
in the transmission network, the output levels of all of the generation units, the configuration of the
transmission network, and a host of other physical operating constraints.
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level. Finally, the energy offer curve for hour h indicates how much additional electricity

the supplier is willing to provide from the unit in hour h of day t + 1 as a function of

the market-clearing day-ahead price at the unit’s location. This energy offer curve is a

non-decreasing step function, where each price-quantity step determines the minimum

price that the generation unit owner must be paid in order to produce the quantity of

energy associated with that step.8 The sum of the quantity increments for each energy

offer curve is restricted to be less than the capacity of the generation unit.

Load-serving entities submit willingness-to-purchase bid curves in the day-ahead mar-

ket that are non-increasing in the price. This willingness-to-purchase function is com-

posed of price-quantity pairs ordered from highest to lowest price. A load-serving entity

(LSE) is willing to increase the amount of electricity it purchases by a given offer quantity

increment provided that the market-clearing price is at or below the corresponding offer

price increment. In California, LSEs submit willingness-to-purchase bid curves at the

service territory level. The market operator allocates shares of these bid curves to the

load withdrawal nodes in their service territory.9 This allocation is based on the market

operator’s estimate of the fraction of the LSE’s total demand that is withdrawn from

each of the locations in its service territory.

California’s Independent System Operator (ISO) clears the day-ahead market by

maximizing the sum of consumer and producer surplus across the 24 hours of the day

subject to a host of constraints. These constraints include meeting the demand for

energy and ancillary services at all locations in the transmission network during all 24

hours of the following day, respecting the ISO’s best estimate of the configuration of the

transmission network on the following day, as well as generation unit runtime and ramping

constraints.10 The locational marginal price (LMP) at each node in the transmission

network is equal to the increase in the maximized value of the objective function from

the ISO’s optimization problem as a result of increasing the amount of energy withdrawn

at that location by 1 MWh.

8In California, suppliers are permitted to submit generation unit-level offer curves with up to ten
price-quantity pairs.

9Consider the case of the three major investor-owned electricity utilities in California. Pacific Gas and
Electric has more than 1,500 nodes in its service territory, Southern California Edison has approximately
200 nodes in its territory, and San Diego Gas and Electric has approximately 300 nodes in its territory.
Appendix Figure A.1 presents a map of the geographic territories served by each of these LSEs.

10Ancillary services are the collection of operating reserves purchased by the ISO in order to ensure
that supply meets demand at every instant in real-time. Wolak (2019) describes the economic efficiency
properties of co-optimizing the procurement of energy and ancillary services.
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All market participants are notified of these LMPs as well as their day-ahead supply

and demand obligations at 1PM on the day before the delivery date. These supply and

demand obligations are firm financial commitments to sell or buy the quantities of energy

that emerge from the day-ahead market clearing process. For example, suppose a supplier

sold 50 MWhs of electricity to be injected at a given node in the 6PM to 7PM hour of

the following day at a price of 40 dollars per MWh. This supplier is guaranteed to be

paid $2,000 (= 50 MWh × $40/MWh) regardless of the actual production of energy from

its generation units at that location during that hour of the following day.

Between the close of the day-ahead market and the start of real-time system opera-

tion, actual electricity demand at each location in the transmission network is realized.

Some generation units must produce more or less than their day-ahead energy schedules

in order to meet real-time demand at each of the more than 4,000 load-withdrawal nodes

in California. At least 75 minutes in advance of each hour of real-time system opera-

tion, generation unit owners submit offer curves specifying their willingness to increase

or decrease their output relative to their day-ahead schedules. Starting with midnight

on the delivery date, these offer curves are used to clear the real-time market for each

5-minute interval within the hour to meet actual demand at each location in the trans-

mission network subject to the real-time configuration of the transmission network and

the real-time output levels of all generation units.

The configuration of the transmission network and the set of available generation

units in real-time can differ significantly from the estimates of the configuration of the

transmission network and the set of available generation units used by the system operator

to determine day-ahead market outcomes. The real-time market clearing process results

in real-time prices at all nodes in the transmission network as well as deviations between

day-ahead schedules and real-time production levels for all generation units.

The 5-minute real-time price at each location in the transmission network is equal

to the increase in the maximized value of the sum of consumer and producer surplus

associated with withdrawing an additional MWh at that node. The hourly real-time price

is the average of the twelve 5-minute real-time prices within that hour. The combination

of a day-ahead forward market and a real-time spot market is called a multi-settlement

market. This is because only real-time deviations from day-ahead generation and load

schedules are settled at the hourly real-time price.
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Recall our previous example in which a supplier sold 50 MWhs of energy in the day-

ahead market at a specific location for the 6PM to 7PM hour on day t + 1 at a price of

40 dollars per MWh. Suppose that this supplier’s unit actually only produced 30 MWhs

of electricity between 6PM and 7PM on day t+ 1. In this case, the supplier would have

to purchase the remaining 20 MWhs at the hourly average real-time price corresponding

to the same location between 6PM and 7PM in order to meet its forward market com-

mitment. If the supplier’s unit instead produced 55 MWhs, then the additional 5 MWhs

beyond its day-ahead schedule of 50 MWhs is sold at the hourly real-time price for that

location/hour-of-the-day.

2.2 Explicit Virtual Bidding

All U.S. wholesale electricity markets currently allow for purely financial participation

through explicit virtual bidding. With explicit virtual bidding (EVB), every market

participant has access to the following purely financial instrument: buy (sell) a specified

quantity of electricity at a given location and hour-of-the day in the day-ahead market

if the day-ahead price is below (above) the offer price, with the obligation to sell (buy)

back the same quantity of electricity at the same location and hour of the day in the

real-time market as a price-taker.11 For example, if a virtual bidder sells 5 MWhs of

energy at a location in the day-ahead market, this bidder must purchase 5 MWhs in the

real-time market at the prevailing real-time price. In short, any energy bought or sold

in the day-ahead market by a virtual bidder must be closed out in the real-time market

as a price-taker.

These financial offer curves are termed “virtual bids”. The market operator treats

physical and virtual bids the same in the day-ahead market-clearing process. This implies

that the actions of virtual bidders directly influence day-ahead and real-time market

outcomes. For example, if a market participant expects the day-ahead price to exceed

the real-time price at a location, she might place a virtual bid to supply energy to the day-

ahead market at that location. This potentially reduces the day-ahead price. Moreover,

if this virtual supply bid is accepted, the energy must be purchased back in the real-

time market. This increases demand at the location in the real-time market, potentially

11See Appendix Tables A.1 and A.2 for a full list of the physical and financial participants that are
licensed to submit virtual bids in California’s wholesale electricity market.
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increasing the real-time price at that location. Placing a virtual supply bid at a location

thus makes it less likely that day-ahead prices will be higher than real-time prices at that

location.

Virtual bids can also impact the day-ahead schedules of generation units. For ex-

ample, if the net virtual demand at a location in the day-ahead market is 50 MWhs,

then 50 more MWhs of actual generation is scheduled to be injected at that location

in the day-ahead market. This is because clearing the day-ahead market implies that

supply must equal demand at all locations in the transmission network, where day-ahead

demand and supply at each location are calculated using both physical and virtual bids.

Submitting virtual bids is not costless. First, each purely financial participant must

post significant collateral before being allowed to submit virtual bids. Market participants

must also pay a monthly fee to the California Independent System Operator (ISO) in

order to be able to submit virtual bids. In addition, all U.S. wholesale electricity markets

charge transaction fees associated with submitting virtual bids as well as additional fees

if these virtual bids are accepted in the day-ahead market. Finally, financial traders pay

a significant share of total “uplift” charges. These charges compensate suppliers that

are forced to start up or ramp up their units in order to meet net virtual demand in

the day-ahead market. Average uplift charges range from roughly 0.40-0.60 dollars per

MWh, though these charges are quite volatile over days-of-sample. Appendix Section

B provides further details on the transaction costs associated with financial trading in

California’s wholesale electricity market.

2.3 Profiting from Day-Ahead/Real-Time Price Differences

With Versus Without EVB

Prior to the introduction of EVB, only suppliers could trade day-ahead/real-time price

differences, and only at the nodes in the transmission network where they owned genera-

tion units. Specifically, a supplier that expected the day-ahead price to be higher (lower)

than the real-time price at a location where they owned a generation unit might sell more

(less) energy in the day-ahead market than they expect to produce in real-time. However,

the unit-level physical offer curves submitted by suppliers must have a minimum offered

quantity greater than the minimum safe operating level of the unit and a maximum of-
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fered quantity less than the unit’s capacity. Thus, prior to EVB, a supplier that expected

day-ahead prices to be far lower than real-time prices at a location where they owned

a generation unit could, at best, not offer the unit in the day-ahead market and then

offer the entire capacity of the unit into the real-time market. Finally, it is important to

note that suppliers do not face any competition when trading day-ahead/real-time price

spreads at the locations where they own generation units prior to EVB.

Load-serving entities (LSEs) must submit demand bids at the level of their service

territory. The California ISO allocates the demand bids submitted by each LSE to the

nodes in its service territory using load distribution factors (LDFs).12 It is thus likely to

be prohibitively costly for a LSE to adjust its service territory-level bid curve in order to

trade day-ahead/real-time price differences at a single node. This is because adjusting

its territory-level bid impacts the LSE’s day-ahead and real-time positions at all nodes

in its service territory and thus the LSE’s trading profits or losses at all of its nodes.

With the introduction of explicit virtual bidding (EVB), any market participant can

submit virtual bids at any node in the transmission network where EVB is permitted.13

This implies that each market participant faces competition from all other market par-

ticipants when trading day-ahead/real-time price differences at all nodes where virtual

bidding is permitted. We thus expect the introduction of EVB to increase liquidity in

the market for trading day-ahead/real-time price spreads as well as increase the extent

of agreement between day-ahead and real-time prices at all locations in the transmission

network.

Further, we expect day-ahead prices to better reflect real-time conditions prior to

EVB at generation nodes relative to load-withdrawal nodes. This is because suppliers

can adjust their physical bids to trade day-ahead/real-time price spreads at a generation

node while it is very costly for LSEs to adjust their physical bids to trade price spreads

at a specific load-withdrawal node. Consequently, the increase in the extent of agreement

12The California ISO assigns collections of nodes to each load-serving entity; this collection of nodes is
called a Load Aggregation Point (LAP). Each load-serving entity is charged an hourly price equal to the
LDF-weighted average of the nodal prices in their LAP. For example, if the ISO estimates that demand
at each of the ten nodes in a utility’s service area is the same, then the LDFs are equal to 1/10 for each
node. The load aggregation point (LAP) level price faced by the utility is equal to the LDF-weighted
average of the 10 nodal-level prices in its service area.

13U.S. wholesale electricity markets typically restrict the set of nodes at which virtual bidding is
allowed. For example, California’s ISO does not allow virtual bidding at nodes it deems to be “electrically
equivalent” to other nodes where virtual bidding is allowed.
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between day-ahead and real-time prices due to EVB should be more pronounced at load-

withdrawal nodes than generation nodes.

3 How Financial Trading Can Lower Costs

In this section, we discuss examples of ways in which virtual bidding can lower system-

wide production costs. In these examples, the bids placed by expected profit-maximizing

purely financial participants help the system operator find a lower-cost solution to the

non-convex, mixed-integer problem used to clear the day-ahead market.

Consider the case of a fossil-fuel-fired generation unit with a start-up cost. This

creates a non-convexity in the generation unit owner’s offer curve. In addition, suppose

that this unit takes a long time to start up: if it is not committed in the day-ahead

market, it will not be available to operate in real-time. If this “long-start” unit does not

start up, any increase in real-time demand at the unit’s location must be satisfied by a

fast-start unit that is more responsive but has a higher operating cost. Suppose that a

virtual bidder recognizes that the day-ahead price at this location is persistently below

the real-time price at this location for several hours during the day. Due to this, she

submits a virtual bid to purchase energy at this location in the day-ahead market during

these hours which she subsequently sells in real-time.

As a consequence of the higher day-ahead demand resulting from the bid submitted

by the purely financial participant, the low-variable cost, long-start generation unit is now

started up and committed in the day-ahead market during these hours. This eliminates

the need to turn on the more expensive fast-start unit to meet demand in real-time.

The actions of the virtual bidder increase day-ahead prices and reduce real-time prices.

This decreases the overall costs of serving demand because the long-start, lower cost unit

produces electricity in real-time rather than the fast-start, higher cost unit.

It is important to emphasize that the virtual bidder does not need to understand

the mechanism that leads to lower production costs. She only needs to figure out that

prices in the day-ahead market at the node during certain hours are systematically lower

than real-time prices at the node during those same hours. By placing the virtual bids

necessary to capture this price difference, she impacts day-ahead and real-time production

schedules because virtual bids are treated the same as physical bids in the day-ahead and
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real-time market clearing processes. Ultimately, her virtual bids result in a lower real-

time cost of serving system demand.

Our second example demonstrates the role that virtual bidders can play in manag-

ing transmission constraints. Consider two nodes in the transmission network, a gen-

eration rich node A and a generation deficient node B. Suppose that a virtual bidder

notices that the price difference between node A and node B in the day-ahead market

is systematically smaller than the real-time price difference between node A and B (i.e.:

PB(DA) − PA(DA) > PB(RT ) − PA(RT )). The virtual bidder does not know that the

reason that this is happening is because the market operator is systematically releasing 3

more MWs of transmission capacity between these two locations in the real-time market

than he is making available in the day-ahead market. This means that more energy can

flow from A to B in real-time than the market operator allows for when clearing the

day-ahead market. To exploit the fact that day-ahead/real-time price spreads are larger

at node B than node A, the virtual bidder can submit a virtual demand bid at node

A and a virtual supply bid at node B for the same number of MWhs to the day-ahead

market. These purely financial bids allow more low-cost generation to be scheduled at

node A in the day-ahead market and less high-cost generation to be scheduled at node B

in the day-ahead market. In real-time, the increased amount of energy produced at node

A can flow to be consumed at node B because 3 more MWs of transmission capacity

between the two locations are available in real-time than the system operator expected

when clearing the day-ahead market.

Consequently, the virtual bids submitted by the purely financial participant reduce

the cost of serving demand in real-time. Again, it is important to emphasize that the

virtual bidder does not need to know that there is less available transmission capacity

between node A and node B in the day-ahead market than the real-time market. To find a

profitable trading strategy, she would only need to notice that day-ahead/real-time price

spreads at node B are systematically larger than the day-ahead/real-time price spreads

at node A.

As the above examples illustrate, expected profit-maximizing financial trades in-

tended to profit from systematic day-ahead/real-time price differences can yield market

efficiency gains. Both of the examples discussed dealt with managing the locational sup-

ply of energy given the configuration of the transmission network and generation unit
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operating constraints. Consequently, we would expect the market efficiency benefits from

virtual bidding to be largest during high demand days when generation unit runtime con-

straints and transmission network constraints are more likely to bind. For this reason,

our empirical framework for measuring the efficiency benefits from introducing purely

financial participation into California’s wholesale electricity market relies on differences

between high versus low demand days before versus after the introduction of EVB.14

These examples rely on traders submitting virtual bids to exploit predictable day-

ahead/real-time price differences at specific locations in the transmission network and

the market clearing mechanism aggregating this information into the resulting day-ahead

and real-time prices. However, we find that, though implied trading costs fell after the

introduction of EVB, these costs are still substantial even after EVB was introduced.

Economic theory does not guarantee information aggregation in contexts with non-zero

trading costs because trading costs limit the extent to which informed traders choose

to bring their information to the market in the form of trades (Ostrovsky, 2012). It is

therefore not guaranteed that introducing financial trading will deliver market efficiency

benefits in the context of wholesale electricity markets. This highlights the need for

our empirical quantification of the benefits from introducing EVB in high demand days

relative to low demand days.

4 Trends in Day-Ahead/Real-Time Price Differences

This section considers data on the hourly day-ahead and real-time wholesale electric-

ity prices at each of the almost 5,000 nodes in the transmission network operated by

California’s Independent System Operator (ISO). We use these data to compute the

24× 1 vector of hourly average day-ahead/real-time price differences separately for each

node for sample periods before versus after the introduction of explicit virtual bidding

(EVB). The pre-EVB sample period spans April 1st 2009 to January 31st 2011 while

the post-EVB sample spans February 1st 2011 to March 31st 2012.15 We first present

descriptive statistics pertaining to the average day-ahead and real-time prices paid by

14On low demand days, clearing the day-ahead market can be as straightforward as finding the inter-
section between system-wide supply and demand curves for each hour of the day. There is limited scope
for the actions of virtual bidders to reduce the cost of serving real-time demand in this case.

15California introduced nodal pricing on April 1st 2009 (Wolak, 2011).
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California’s three large investor-owned utilities before versus after EVB was introduced.

The second subsection documents differences in the sign of the average price spread

across load-withdrawal nodes versus generation nodes before versus after EVB, linking

these differences to the degree of market power exercised by suppliers versus demanders.

4.1 Load Aggregation Point Level Price Differences

California is home to three major investor-owned utilities: Pacific Gas and Electric

(PG&E), Southern California Edison (SCE), and San Diego Gas and Electric (SDG&E).

Each of these utilities purchases wholesale electricity in each hour in the day-ahead and

real-time markets; the day-ahead (real-time) price paid by a utility is a weighted average

of the nodal-level prices in the utility’s service territory. These weighted average prices

are called load aggregation point level prices.

Figure 1 presents daily average day-ahead/real-time price spreads for each of the

24 hours of the day along with their pointwise 95% confidence intervals. We consider

the price spreads for the load aggregation points (LAPs) corresponding to PG&E, SCE,

and SDG&E. There are separate plots for the sample periods before versus after the

introduction of financial trading on February 1st 2011.

Figure 1 demonstrates that day-ahead/real-time price spreads are larger in absolute

value before the introduction of EVB for all three of the utilities.16 For example, day-

ahead prices for PG&E are much lower than real-time prices on average for the hours

of 8PM to 12AM. Indeed, prior to the introduction of EVB, the 95% confidence interval

around average price spreads does not include zero for many hours of the day for all three

utilities. In contrast, after EVB is introduced, the 95% confidence interval covers zero

for the vast majority of hours of the day for each of the LAPs.

These plots also demonstrate that day-ahead prices are lower than real-time prices on

average for the majority of hours of the day for all three LAPs prior to the introduction

of explicit virtual bidding (EVB). This is consistent with the results in Borenstein et al.

(2008). Specifically, prior to the introduction of EVB, utilities seem to be willing to pay

higher average prices for purchases in the real-time market in order to lower the price paid

for the larger volume of energy they purchase from the day-ahead market. However, after

16Appendix Figure A.2 plots monthly average price spreads for each LAP. This figure shows that the
reductions in price spreads in absolute value after EVB persist throughout our entire sample period.
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Figure 1: Hourly Average Day-Ahead/Real-Time Price Spreads: Before and After EVB
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Notes: This figure presents average day-ahead/real-time price spreads for each hour-of-the-day
and each load aggregation point (LAP), separately for the sample periods before versus after the
introduction of explicit virtual bidding (EVB) on February 1st 2011. The pre-EVB sample period
spans 4/1/2009-1/31/2011 while the post-EVB sample period spans 2/1/2011-3/31/2012. The three
LAPs correspond to the territories served by Pacific Gas and Electric (PG&E), Southern California
Edison (SCE), and San Diego Gas and Electric (SDG&E). This figure also includes the pointwise
95% confidence interval associated with the average day-ahead/real-time price spread for each hour
of the day.
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the introduction of EVB, there does not appear to be any persistent sign for differences

between average day-ahead/real-time price differences at the LAP-level.

In Appendix Section C.1, we demonstrate that the reduction in average day-

ahead/real-time price differences after EVB is introduced is statistically significant. Fur-

ther, in Appendix Section C.2, we present results indicating that the volatility of both

day-ahead/real-time price spreads and real-time prices fell after the introduction of fi-

nancial trading. The reduction in both the mean and volatility of day-ahead/real-time

price spreads after February 1st 2011 is consistent with day-ahead prices better reflecting

real-time prices after financial trading was introduced.

4.2 Nodal-Level Price Differences

This section investigates changes in hourly average day-ahead/real-time price differences

before versus after EVB at the nodal level. We focus on the sign of the average day-

ahead/real-time price spread, performing the following calculation. For each node in

California, we first compute the mean of the 24× 1 vector of day-ahead/real-time price

differences for each node in the pre-EVB versus post-EVB sample periods. For each node

in each sample period, we count the number of hours in the day with a positive average

day-ahead/real-time price spread.

Figure 2 plots the empirical distribution function (EDF) for generation nodes versus

load-withdrawal nodes. For both the pre-EVB and post-EVB sample periods, we see

that the EDF for load-withdrawal nodes is shifted left relative to the EDF for generation

nodes: load-withdrawal nodes typically have a lower number of hours of days with positive

average price spreads than generation nodes.17 This is consistent with large utilities

exercising market power to keep the day-ahead price below the real-time price at load-

withdrawal nodes, as discussed in Borenstein et al. (2008).18

For the post-EVB sample period, there is a substantial increase in the distribution

17In Appendix Section C.3, we show that, for both the pre-EVB and post-EVB sample periods, we
fail to reject the null hypothesis that the EDF of load-withdrawal nodes first-order stochastic dominates
the EDF of generation nodes. Moreover, we reject the null hypothesis that the EDF of generation nodes
first-order stochastic dominates the EDF of load-withdrawal nodes for both pre-EVB and post-EVB
sample periods.

18Ito and Reguant (2016) specifies a framework in which negative day-ahead/real-time price spreads
provide evidence of buyer-side market power in contexts where the ability to trade day-ahead/real-time
price spreads is limited (as was the case pre-EVB in California).
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of the number of hours of day with a positive average day-ahead/real-time price differ-

ence. The median across nodes of the number of hours of day with a positive average

price spread increases from 5 in the pre-EVB period to 17 in the post-EVB period. This

rightward shift in EDFs post-EVB is consistent with the argument advanced by Saravia

(2003) and Mercadal (2020). Specifically, the increase in competition in the market for

expected day-ahead/real-time price spreads across nodes as a consequence of allowing

purely financial participation significantly reduced the ability of large buyers to adjust

their physical bids in order to make average day-ahead/real-time price differences nega-

tive, particularly at load-withdrawal nodes.

In the next section, we derive measures of the extent of agreement between day-

ahead and real-time prices based on a hypothetical risk-neutral trader subject to a dollar

per MWh trading charge. Comparing these measures across pricing locations before

versus after the introduction of EVB will allow us to more formally assess the extent to

which purely financial participation led to day-ahead prices that better reflect real-time

conditions.
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Figure 2: Number of Hours of Day with Positive Average Price Spreads: Gen Nodes
versus Load-Withdrawal Nodes Before versus After EVB
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Notes: This figure plots the proportion of generation versus load-withdrawal nodes with at most the
number of hours of day with positive average day-ahead/real-time price spreads listed on the x-axis.
We plot separate empirical distribution functions for generation nodes versus load-withdrawal nodes
before versus after the introduction of explicit virtual bidding (EVB) on February 1st 2011. To
calculate an observation underlying these empirical distribution functions, we first find the average
day-ahead/real-time price spread across days-of-sample for each node in each hour of day for both
the pre-EVB sample period (4/1/2009-1/31/2011) and the post-EVB sample period (2/1/2011-
3/31/2012). Then, we count the number of hours of day that the average price spread is positive for
each node in each of the two sample periods. Finally, we plot the empirical distribution functions
associated with these node/sample-period level observations separately for generation nodes and
load-withdrawal nodes before versus after EVB was introduced.
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5 Expected Profit Maximizing Behavior With Trad-

ing Costs

In this section, we develop a model of expected profit-maximizing trading of the 24× 1

vector of hourly average day-ahead/real-time price differences accounting for the presence

of a per-MWh trading charge. We use this model to construct two statistical measures of

how well day-ahead prices reflect real-time conditions that we compute before and after

the introduction of EVB.

Before presenting our model, we note that trading strategies based on the first lag

of the vector of day-ahead/real-time price differences are not feasible because market

participants submit their offers to the day-ahead market for day t before the vector of

day-ahead/real-time price differences for day t− 1 is made public.19 Market participants

can thus only condition their trading strategies on the vector of realized price differences

from two or more days prior.

In Appendix Section C.4, we formulate a statistical test of the null hypothesis that the

elements of the autocovariance matrices between the current vector of day-ahead/real-

time price spreads and the second through tenth lags of this vector are jointly zero. We

fail to reject this null hypothesis, suggesting that traders cannot earn significantly more

profits by conditioning on realized price spreads from two or more days prior to the

current day.20 For this reason, we consider expected profit-maximizing trading strategies

that do not condition on lags of the vector of daily price differences.

5.1 The Trader’s Problem

Let Xh,d ≡ PDA
h,d −PRT

h,d be the difference between day-ahead and real-time electricity prices

in hour-of-the-day h in day-of-sample d. Our procedure is based on a market participant

that buys or sells hourly positions ah associated with Xh,d. Because the trader can

condition her positions on the hour of the day, ah can take on a different value for each

h ∈ {1, 2, ..., 24}. Moreover, ah can be positive or negative.21 Let a = (a1, a2, ..., a24)′

19Bids to the day-ahead market for day t must be submitted by 10 AM of day t− 1.
20See Appendix Tables C.6 and C.7 for the results when applying this statistical test to price spreads

at the service-territory level and the nodal level respectively.
21A positive (negative) value of ah implies selling (buying) energy in the day-ahead market and buying

(selling) it back in the real-time market.
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denote the 24×1 vector of hourly positions. Consistent with market rules, a virtual bidder

chooses positions for all hours of the day simultaneously. Holding a positive (negative)

position earns revenues if and only if the day-ahead price for hour h of day d is higher

(lower) than the real-time price in hour h of day d. In other words, a trader earns positive

revenue if and only if her position ah has the same sign as the realized price spread Xd,h.

We assume that this trader is small relative to the market so that her virtual bids do not

affect day-ahead or real-time prices.

Let µh ≡ E(Xh,d) = E(PDA
h,d )−E(PRT

h,d ) be the unconditional expectation of the day-

ahead/real-time price spread for hour h. Define µ to be the 24 × 1 vector composed of

(µ1, µ2, ..., µ24)′. The trader’s expected profit-maximization problem is:

max

a ∈ R24
a′µ− c

24∑
i=1

|ai|︸ ︷︷ ︸
Expected Profits

subject to
24∑
i=1

|ai| = 1︸ ︷︷ ︸
Absolute Position Constraint

(1)

where there is a transaction cost c associated with buying or selling one MWh of any

combination of these 24 assets. The vector of positions a∗(µ) ∈ R24 denotes the solution

to the constrained optimization problem described in Equation (1). We consider both

the null hypothesis that profitable trading strategies exist (i.e.: a∗(µ)′µ− c > 0) and the

null hypothesis that no profitable trading strategies exist (i.e.: a∗(µ)′µ− c ≤ 0).

The trader pays the same per-unit trading cost c regardless of whether she buys or

sells the asset. This is why overall trading costs are calculated based on the sum of

the absolute values of the portfolio weights, c
∑24

i=1 |ai|. The trader’s expected revenues

earned by solving the optimization problem presented in Equation (1) are:

φ(µ) ≡ a∗(µ)′µ =
max

h ∈ {1, ..., 24}
|µh| (2)

In words, the trader simply buys or sells 1 MWh of the asset with the highest expected

pay-off in absolute value.
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5.2 Measures of Agreement Between Day-Ahead and Real-

Time Prices

We estimate our measures of the extent of agreement between day-ahead and real-time

prices using hourly location-specific data on realized day-ahead/real-time price spreads.

We estimate our measures separately for each location for the sample periods before

versus after the introduction of explicit virtual bidding (EVB). Suppressing the subscripts

associated with location and sample period, let Xd = (Xd,1, Xd,2, ..., Xd,24)′ be the 24× 1

vector composed of realized day-ahead/real-time price spreads for day-of-sample d. Our

estimate of the unconditional expectation of day-ahead/real-time price spreads for each

hour-of-the-day is simply the sample average (i.e.: µ̂ ≡ X = 1
N

∑N
d=1 Xd). Our estimate

of the revenue from the trader’s optimal strategy, presented in Equation (2), is the element

of X that is largest in absolute value (i.e.: φ(X) ≡ max
h∈{1,...,24} |Xh|). Our test statistic is

based on the difference between φ(X) and per-unit trading cost c.

However, the maximum operator is not differentiable, so we cannot use the Delta-

Method to derive the asymptotic distribution of φ(X). Instead, we use the method devel-

oped by Fang and Santos (2018) for testing hypotheses involving directionally differen-

tiable functions of a regular parameter estimate. This method is applicable because φ(µ)

is a directionally differentiable function of the parameter vector µ and the sample average

X is a regular estimator of population average µ0.22 Fang and Santos (2018) proposes a

modified bootstrap estimator for the asymptotic distribution of
√
N(φ(X)− φ(µ0)).

To implement this estimator, we simulate the distribution of φ(X) using a procedure

based on numerical derivatives developed by Hong and Li (2018). For this procedure,

we first compute moving blocks bootstrap re-samples of X with block size equal to the

largest integer less than or equal to N1/3 (Kunsch et al. (1989)).23 Let the sample average

22The sample average X is a regular estimator of population average µ0 because
√
N(X − µ0) is

asymptotically normally distributed.
23Given a sample {X1,X2, ...,XN}, each moving blocks bootstrap re-sample b ∈ {1, 2, ..., B} is

constructed as follows. First, we partition the data into K non-overlapping blocks of size M :
{B1,B2, ...,BK} ≡ {X1,X2, ...,XM}, {XM+1, ...,X2M}, ..., {XM(K−1)+1, ...,XKM}. Next, let S be

a discrete uniform variable over the integers {1, 2, ...,K}; we construct the bth bootstrap re-sample by
drawing K integers from S independently and identically and merging together blocks based on these
draws. For example, if we draw {2, 5,K, ..., 5}, then the bootstrap sample would be {B2,B5,BK , ...,B5}.
When implementing this procedure, we set M = floor(N1/3) and K ≡ floor( N

M ), where floor(X) is X
rounded down to the nearest integer.
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calculated from the bth bootstrap re-sample be denoted X
b
. We next construct:

Zb =
φ(X +

√
N(X

b − X)ε) − φ(X)

ε
(3)

for b = 1, 2, ..., B. Hong and Li (2018) demonstrates that the asymptotic distribution of
√
N(φ(X) − φ(µ0)) can be approximated by the bootstrap distribution of Zb provided

that, as sample size N goes to infinity, ε tends to zero but
√
Nε tends to infinity. To

satisfy these conditions, we set ε = N−1/3, which is the value recommended by Hong

and Li (2018).

This estimate of the asymptotic distribution of
√
N(φ(X)−φ(µ0)) allows us to com-

pute two test statistics related to the existence of profitable trading strategies for any

per-unit trading cost c. To do this, we estimate the distribution of φ(X) using moving

blocks bootstrap. In particular, the bth re-sample gives us:

φ(X)b = φ(X) +
Zb

√
N
. (4)

We use this bootstrap distribution to compute two summary measures of the extent of

agreement between the 24× 1 vectors of hourly average day-ahead and real-time prices.

The first, clower, is the smallest value of the trading cost c that would cause rejection

of the null hypothesis that a profitable trading strategy exists (i.e.: the null hypothesis

that a∗(µ)′µ− c > 0). Therefore, clower is equal to the 5th percentile of the bootstrapped

distribution of φ(X). The second magnitude, cupper, is the largest value of the trading

cost that results in rejection of the null hypothesis that no profitable trading strategy

exists (i.e.: the null hypothesis that a∗(µ)′µ − c ≤ 0). As a result, cupper is simply the

95th percentile of the distribution of φ(X).

We call these two summary measures of the extent of agreement between day-ahead

and real-time prices “implied trading costs”. This is because a lower value for either

of the two measures corresponds to greater agreement between day-ahead and real-time

prices.
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6 Estimates of Implied Trading Costs

This section presents the results pertaining to our measures of the agreement between

day-ahead and real-time prices. We first compare implied trading costs before versus

after the introduction of explicit virtual bidding (EVB) for both LAP-level price spreads

and nodal-level price spreads. The next subsection describe how our implied trading costs

change before versus after EVB at locations with and without electricity generation units.

Combined, our results indicate that the extent of agreement between day-ahead and real-

time prices increased at both the LAP level and at each node after the introduction of

EVB.

6.1 Descriptive Trends in Implied Trading Costs

Table 1 reports our two implied trading cost measures before and after the implemen-

tation of EVB for the day-ahead/real-time price spreads at the load-aggregation points

(LAPs) corresponding to Pacific Gas and Electric (PG&E), Southern California Edison

(SCE), and San Diego Gas and Electric (SDG&E). Recall that clower is the smallest value

of the per-unit trading cost for which we can reject the null hypothesis that a profitable

strategy exists while cupper is the largest value of trading costs for which we can reject

the null hypothesis that no profitable trading strategy exists. Table 1 demonstrates that

our estimates of clower and cupper are substantially lower after the introduction of explicit

virtual bidding (EVB) for all three LAPs.24

Figure 3 plots the bootstrap distribution of the difference in implied trading costs for

each LAP before versus after EVB. The left vertical line in this figure is the 5th percentile

of the distribution of cpre − cpost and the right vertical line is the 95th percentile of this

distribution. If the 5th percentile of this distribution is greater than zero, then we can

reject the null hypothesis that cpre ≤ cpost at a 5% significance level. Similarly, we can

reject the null hypothesis that cpre ≥ cpost at a 5% significance level if the 95th percentile

of the bootstrapped distribution of cpre − cpost is less than zero. For all three LAPs, we

reject the null hypothesis that implied trading costs are higher post-EVB relative to pre-

EVB, but fail to reject the null hypothesis that implied trading costs are higher pre-EVB

24Appendix Figure A.4 plots the bootstrap distributions of implied trading costs for the pre-EVB and
post-EVB sample periods for each of the three LAPs.
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Table 1: LAP-Level Implied Trading Costs (in USD/MWh)

LAP Before EVB After EVB

Lower 5% C.I. PG&E 8.576 5.683
(clower) SCE 12.125 6.064

SDG&E 16.423 7.618

Upper 95% C.I. PG&E 14.462 9.652
(cupper) SCE 20.223 11.797

SDG&E 32.521 14.976

Notes: This table presents the implied trading costs estimated using the modeling framework
discussed in Section 5. We estimate implied trading costs separately for each load aggregation
point (LAP) for the sample periods before the introduction of explicit virtual bidding (4/1/2009-
2/1/2011) versus after the introduction of EVB (2/1/2011-3/31/2012). The three LAPs considered
in this table correspond to the territories served by California’s three major electricity distribution
companies: Pacific Gas and Electric (PG&E), Southern California Edison (SCE), and San Diego
Gas and Electric (SDG&E). For each LAP in each sample period, clower (cupper) is the 5th (95th)
percentile of the bootstrapped distribution of the maximum over hours-of-the-day of the absolute
value of the 24×1 vector of hourly average day-ahead/real-time price spreads. The implied trading
costs presented in this table are thus in dollars per MWh.

relative to post-EVB.

We also compute clower and cupper for each pricing node in California’s wholesale elec-

tricity market. Figure 4 plots the across-node distributions of clower and cupper separately

for generation units (Gen Nodes) and load withdrawal nodes (Non-Gen Nodes). Figure

4 shows that the across-node distributions of clower and cupper are shifted downward post-

EVB relative to pre-EVB for both generation nodes and load-withdrawal nodes. This

indicates greater agreement between day-ahead and real-time prices at each node after

the introduction of purely financial participation.

Next, we compute the bootstrap distribution of estimated cpre − cpost for each of the

more than 4,000 nodes that exist both before and after EVB. The first row of Table

2 reports the proportion of nodes for which we reject the null hypothesis that implied

trading costs increased after the introduction of EVB (i.e.: cpre ≤ cpost), separately for

generation nodes versus non-generation nodes. The second row of Table 2 reports the

proportion of nodes for which we reject the null hypothesis that implied trading costs

decreased after the introduction of EVB (i.e.: cpre ≥ cpost), once again separately for

generation nodes versus non-generation nodes.

We reject the null hypothesis that implied trading costs increased after the introduc-

tion of EVB for more than 70 percent of nodes. In contrast, we reject the null hypothesis
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Figure 3: Bootstrap Distribution of the Difference in Implied Trading Costs
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Notes: This figure plots the bootstrap distribution of the difference in “implied trading costs” (i.e.:

(φ(X
pre

) − φ(X
post

)), where “pre” indicates the sample period before the introduction of explicit
virtual bidding (4/1/2009-2/1/2011) and “post” indicates the sample period after the introduction
of explicit virtual bidding (2/1/2011-3/31/2012). Note that φ(X) ≡ max

h∈{1,...,24} |Xh| is the maximum

over hours-of-the-day of the absolute value of the 24×1 vector of hourly average day-ahead/real-
time price spreads. We plot this bootstrap distribution separately for the day-ahead/real-time price
spreads faced by each of California’s three major investor-owned distribution utilities: Pacific Gas
and Electric (PG&E), Southern California Edison (SCE), and San Diego Gas and Electric (SDG&E).

The left vertical line on the graph in red is the 5th percentile of the distribution of φ(X
pre

)−φ(X
post

)

and the right vertical line in blue is the 95th percentile of the distribution of φ(X
pre

)− φ(X
post

).
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Figure 4: Nodal-Level Distribution of Implied Trading Costs: Before and After EVB
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Notes: This figure plots the nodal-level distribution of estimates of clower and cupper for each
pricing location (i.e.: node). These “implied trading costs” are estimated separately for each node
for the sample period before the introduction of explicit virtual bidding (4/1/2009-2/1/2011) versus
the sample period after the introduction of explicit virtual bidding (2/1/2011-3/31/2012). We plot
the across-node distributions of clower and cupper separately for nodes associated with generation
units (Gen Nodes) versus nodes not associated with generation units (Non-Gen Nodes). The box
portion of this box and whiskers plot contains all nodes within the 25th through 75th percentiles
of the nodal-level distribution of implied trading costs. The bottom (top) whisker is defined by the
smallest (largest) value that is within 1.5× IQR of the 25th (75th) percentile of the distribution of
implied trading costs, where IQR (inter-quartile range) is the distance between the 25th and 75th
percentiles of a distribution. The remaining points are outliers.
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Table 2: Proportion of Nodes that Reject cpre ≤ cpost or cpre ≥ cpost

Total Gen Node Non-Gen Node

H0 : cpre ≤ cpost 0.707 0.659 0.711
H0 : cpre ≥ cpost 0.042 0.076 0.039

Number of Nodes 4,316 355 3,961

Notes: This first row of this table reports the proportion of nodes for which we can reject the null
hypothesis that implied trading costs increase after explicit virtual bidding (EVB) is introduced
(i.e.: cpre ≤ cpost), separately for nodes associated with generation units (Gen Nodes) versus nodes
not associated with generation units (Non-Gen Nodes). The second row of this table reports the
proportion of nodes for which we can reject the null hypothesis that implied trading costs decrease
after the introduction of EVB (i.e.: cpre ≥ cpost), once again separately for generation nodes versus
non-generation nodes. This statistical test is based on the bootstrap distribution of the difference
between the maximum absolute average day-ahead/real-time price spread before versus after the

introduction of EVB at each node (i.e.: φ(X
pre

)−φ(X
post

)). Specifically, φ(X) ≡ max
h∈{1,...,24} |Xh| is

the maximum over hours-of-the-day of the absolute value of the 24×1 vector of hourly average price
spreads.

that implied trading costs fell after EVB was introduced for less than 5 percent of nodes.

A rejection frequency of 5% is consistent with the null hypothesis being true for all nodes

because the size of each hypothesis test is α = 0.05. Summarizing, for the majority of

nodes, we reject the null hypothesis that the implied trading cost increased after EVB

but fail to reject the null hypothesis that the implied trading cost decreased after EVB.

This suggests that day-ahead prices at all node in California better reflect real-time prices

after the introduction of financial trading.

6.2 Difference-in-Differences Framework

As noted above, before the introduction of explicit virtual bidding (EVB), only suppliers

could trade differences between day-ahead and real-time prices, and only at locations

where they owned generation units. In contrast, load-serving entities (i.e.: the electric

utilities purchasing electricity) could only submit physical bids at the load aggregation

point (LAP) level. This made it virtually impossible for load-serving entities to trade

day-ahead/real-time price spreads at specific nodes using their physical bids. Based

on this, in the absence of EVB, we expect implied trading costs to be higher at load

withdrawal nodes relative to generation nodes because no market participant can adjust

their physical bids to profit from expected price spreads at individual non-generation

nodes. In contrast, the introduction of EVB allows any market participant to take a
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financial position in the market for day-ahead/real-time price differences at any node.

We thus expect the reduction in implied trading costs after the introduction of EVB to

be larger for non-generation nodes relative to generation nodes.

To test these two hypotheses, we regress our estimate of the implied trading cost clower

at each node before and after the introduction of EVB on a constant, an indicator variable

that is equal to one if the node is associated with a generation unit, an indicator variable

that is equal to one if the implied trading cost is from the post-EVB sample period, and

an indicator variable that is equal to one if the observation is from a generation node

during the post-EVB sample period. The unit of observation for this regression is thus

a node in the pre-EVB versus post-EVB sample period. Heteroskedasticity-consistent

standard errors are reported in parentheses below the coefficient estimate. We run the

same regression with our estimate of cupper for each node before and after EVB as the

dependent variable.

Table 3 presents the results of estimating this difference-in-differences specification.

Focusing first on Columns 1 and 5, we see that the coefficient estimate on “Post EVB”

is negative for both clower and cupper. This indicates that the average level of implied

trading costs across locations fell after EVB was introduced. Moreover, the coefficient

estimates corresponding to “Gen Node” indicate that both clower and cupper are signifi-

cantly lower for generation nodes relative to non-generation nodes prior to EVB.25 This

difference across generation versus non-generation nodes is essentially eliminated after

the introduction of EVB. Specifically, we fail to reject the null hypothesis that the sum

of the coefficients corresponding to the variables Gen Node and Post EVB × Gen Node

is zero for both clower and cupper. Put another way, the reduction in implied trading costs

after EVB is introduced is larger for non-generation nodes relative to generation nodes.

These results are robust to a variety of alternative specifications. For example,

Columns 2 and 6 of Table 3 demonstrate that the results continue to hold if we trim

observations corresponding to the top 1% and bottom 1% of the distribution of the rele-

vant dependent variable before estimating the regressions. Moreover, in Columns 2 and 6

25In Appendix Table A.4, we split generation nodes into two categories: “baseload” nodes where the
amount of electricity injected into the node was greater than zero in at least 75% of hours-of-sample
versus “peaker” nodes where the amount of electricity injected into the node was greater than zero in
less than 75% of hours-of-sample. The results presented in this table indicate that implied trading costs
before EVB are lower for baseload nodes relative to peaker nodes, consistent with the intuition that
baseload units that operate more frequently find it less costly to adjust their real-time output to trade
day-ahead/real-time price spreads than peaker units that operate less frequently.
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of Table 3, we residualize hourly day-ahead/real-time prices spreads at each node before

estimating clower and cupper. Specifically, we regress price spreads on natural gas prices

at the PG&E and SCG citygates, hourly electricity demand, hourly net electricity im-

ports, and three separate controls for the hourly total production from nuclear, hydro,

and renewable sources respectively. The results based on estimating clower and cupper

using the residuals from this regression are quite similar to the results from our primary

specification in Columns 1 and 5. This assuages concerns that our findings are driven

by coincident changes over time in factors such as investments in renewables or falling

natural gas prices.

As further evidence against this concern, Columns 4 and 8 of Table 3 demonstrate

that the qualitative conclusions drawn from the analysis remain the same if clower and

cupper are estimated using only the 6 months before and after the introduction of EVB.

Longer-run trends in market factors such as changes in natural gas prices and investment

in renewables are unlikely to drive the results estimated for this shorter 13-month sample

window.26

Summarizing, Table 3 provides statistical evidence consistent with all three of our

hypotheses: (1) implied trading costs are lower for generation nodes relative to non-

generation nodes prior to EVB, (2) implied trading costs fell after EVB was introduced,

and (3) the reduction in implied trading costs after the introduction of EVB was smaller

for generation nodes relative to non-generation nodes. These results are consistent with

the argument that implied trading costs fell as a consequence of introducing financial

trading rather than secular trends over time in factors such as electricity demand growth

or investment in renewables. This in turn suggests that day-ahead prices better reflect

real-time prices at all nodes due to purely financial participation. The next section

quantifies the physical market efficiency benefits of EVB in high demand days when

better day-ahead information on real-time conditions at all nodes in the transmission

network is more likely to reduce the real-time cost of serving system demand.

26Appendix Figures A.3 and D.1 show that production from renewables and natural gas prices did not
change substantially over the 13 month window around the introduction of EVB. Moreover, this shorter
window excludes the closing of the San Onofre nuclear plant in February 2012.
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Table 3: Implied Trading Costs Before vs. After EVB For Gen vs. Non-Gen Nodes

Dependent Variable: clower

(1) (2) (3) (4)

Post EVB × Gen Node 0.710∗∗∗ 0.439∗∗∗ 0.840∗∗∗ 0.162
(0.222) (0.115) (0.203) (0.219)

Gen Node -0.725∗∗∗ -0.531∗∗∗ -0.807∗∗∗ -0.291
(0.130) (0.107) (0.089) (0.207)

Post EVB -3.657∗∗∗ -3.364∗∗∗ -1.427∗∗∗ -9.583∗∗∗

(0.071) (0.050) (0.059) (0.087)

Constant 10.812∗∗∗ 10.468∗∗∗ 9.325∗∗∗ 20.064∗∗∗

(0.065) (0.046) (0.051) (0.083)

Residualized No No Yes No
Trim Top and Bottom 1% No Yes No No

Sample Period: 4/1/2009-3/31/2012 Yes Yes Yes No
Sample Period: 8/1/2010-8/31/2011 No No No Yes

Mean of Dep. Var. 8.885 8.706 8.539 15.126
Std. Dev. of Dep. Var. 3.744 3.744 2.870 6.121

R2 0.228 0.368 0.057 0.609
Number of Obs. 9,678 9,485 9,678 9,516

Dependent Variable: cupper
(1) (2) (3) (4)

Post EVB × Gen Node 2.287∗∗∗ 1.583∗∗∗ 2.325∗∗∗ 1.355∗∗∗

(0.771) (0.266) (0.760) (0.502)

Gen Node -1.872∗∗∗ -1.436∗∗∗ -1.868∗∗∗ -0.604∗

(0.273) (0.228) (0.230) (0.365)

Post EVB -6.777∗∗∗ -6.579∗∗∗ -3.623∗∗∗ -17.456∗∗∗

(0.194) (0.115) (0.183) (0.190)

Constant 19.305∗∗∗ 18.628∗∗∗ 16.594∗∗∗ 36.832∗∗∗

(0.153) (0.102) (0.139) (0.158)

Residualized No No Yes No
Trim Top and Bottom 1% No Yes No No

Sample Period: 4/1/2009-3/31/2012 Yes Yes Yes No
Sample Period: 8/1/2010-8/31/2011 No No No Yes

Mean of Dep. Var. 15.728 15.190 14.638 27.902
Std. Dev. of Dep. Var. 10.201 10.201 9.429 12.120

R2 0.102 0.288 0.033 0.507
Number of Obs. 9,678 9,484 9,678 9,516

Notes: This table reports the results from our difference-in-differences specification comparing
implied trading costs before versus after the introduction of explicit virtual bidding (EVB) for
pricing locations (i.e.: nodes) associated with generation units (Gen Nodes) versus not associated
with generation units (Non-Gen Nodes). The unit of observation for these regressions is a node
before versus after the introduction of EVB. We report heteroskedasticity-consistent standard errors
in parentheses. We consider two dependent variables: clower in the top panel (cupper in the bottom
panel) is the 5th (95th) percentile of the bootstrapped distribution of the maximum over hours-
of-the-day of the absolute value of the 24×1 vector of hourly average day-ahead/real-time price
spreads. In Columns 1-3 of both panels, we estimate the relevant dependent variable using data from
4/1/2009-3/31/2012; in Column 4, we consider the 6 months before and after the introduction of
EVB (i.e.: 8/1/2010-8/31/2011). For Column 2 of both panels, we trim observations corresponding
to the top 1% and bottom 1% of the relevant dependent variable prior to estimating the regressions.
Finally, in Column 3 of both panels, we residualize day-ahead/real-time price spreads by the following
variables before estimating clower and cupper: natural gas prices at the PG&E and SCG citygates,
hourly electricity demand, hourly net electricity imports, and three separate controls for the hourly
total production from nuclear, hydro, and renewable sources respectively.
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7 Benefits from EVB in High Demand Days

In this section, we quantify the impacts of explicit virtual bidding (EVB) on market

outcomes in high demand days relative to low demand days. We compare outcomes in

high versus low demand days because, as discussed in Sections 2 and 3, the information

provided to the market operator about real-time system conditions encoded in purely

financial trades is likely to be most valuable during high demand days when physical

operating constraints are more likely to bind. This information can allow the market

operator to find day-ahead schedules that result in lower cost solutions to meeting demand

throughout the day at all nodes in the transmission network in real-time.

7.1 Data

We utilize hourly data on generation-unit-level output from California’s Independent

System Operator (CAISO). We also have information on the operating characteristics of

each electricity generation unit in the CAISO control area. These characteristics include

the unit’s capacity, fuel type (i.e.: natural gas, oil, wind, etc.), the total amount of

thermal energy required to start up the unit, and the unit’s heat rate curve. This heat

rate curve tells us: “if a unit is currently utilizing X% of their generation capacity, we

need Y million BTUs of thermal input in order to produce one more MWh of electrical

energy”. This allows us to compute the total quantity of thermal energy consumed by

each generation unit in each hour of our sample period as function of its output.27

As a robustness check, we perform the same analyses using hourly, unit-level data

on input heat and output electricity from the Continuous Emissions Monitoring Systems

(CEMS) database administered by the United States Environmental Protection Agency

(USEPA). The primary advantage of the CEMS data is that it reports input fuel burned

(in mmBTUs); the data from CAISO requires us to calculate the input fuel use from the

heat rate curves described above. The primary disadvantage of the CEMS data is that it

covers only fossil-fuel-fired plants with capacity greater than 25 MW. As documented in

Appendix Section D.4, CEMS covers over 85 percent of the natural-gas-fired electricity

production in CAISO over our sample period.28

27Appendix Section D.1 provides more details on how input fuel use is calculated from the reported
start up requirements and the heat rate curve.

28For ease of exposition, we will shorten “natural-gas-fired” to “gas-fired” for the remainder of the
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We focus on gas-fired generation because it makes up over 56 (61) percent of the

electricity produced in California in 2009 (2012).29 We calculate the monthly average

natural gas price paid by gas-fired units using transaction-level data on the fuel purchased

by U.S. power plants from the Energy Information Administration. Specifically, we

calculate the monthly average natural gas price paid by plants supplied by Pacific Gas and

Electric (PG&E) versus Southern California Gas (SCG). Gas-fired units located in the

PG&E service territory are assigned the gas price corresponding to PG&E while gas-fired

units located in the SCE or SDG&E service territories are assigned the gas price for SCG.

Appendix Section D.3 discusses the construction of natural gas prices and the assignment

of these prices to gas-fired units in more detail. Appendix Figure D.1 presents the

monthly average natural gas prices paid by gas-fired plants in Northern versus Southern

California. Comfortingly, this figure shows no significant trends in natural gas prices

around the introduction of EVB on February 1st 2011.

We sum the total fuel costs, total heat energy used, and an indicator for whether the

unit started up (produced zero output in hour t− 1 but positive output in hour t) over

all gas-fired units for each day of our sample period in order to construct our first three

market-level outcome variables. In particular, we assess how the introduction of explicit

virtual bidding impacts daily aggregate fuel costs per MWh of electricity produced by

fossil-fuel-fired units, daily aggregate thermal energy used per MWh, and daily total

starts in high versus low demand days.

Our fourth market outcome is the daily average ancillary service costs paid by CAISO

per MWh of gas-fired electricity production. CAISO incurs ancillary service costs in order

to make certain that electricity supply equals electricity demand at every instant even in

the face of unanticipated changes in physical conditions such as generation unit outages

or transmission outages. To construct this market outcome measure, we collected data

on hourly ancillary service costs from the Open Access Same-time Information System

(OASIS) API administered by CAISO.

Finally, our specifications include a host of control variables. First, we include the

daily average natural gas prices paid at the Pacific Gas and Electric (PG&E) and South-

ern California Gas (SCG) citygates from Bloomberg. We also include daily total nuclear

paper.
29In contrast, coal and oil-fired sources combined accounted for only 1.8% (0.8%) of in-state electricity

production in California in 2009 (2012).
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output, derived from hourly unit-level data provided by CAISO. This control variable

is especially important because the San Onofre nuclear power plant was shut down in

February 2012, as noted in Davis and Hausman (2016). To further ensure that our re-

sults aren’t driven by this nuclear shutdown, we also estimate our difference-in-difference

framework using data only from the six months before and after the introduction of EVB

on February 1st 2011.

We also control for daily total output from renewables as well as daily total out-

put from hydroelectric units.30 Daily total production from renewables and hydro are

calculated from hourly unit-level data on output provided by CAISO.31 Finally, our spec-

ifications include the daily total electricity demand and net electricity imports summed

across all nodes in the transmission control area operated by CAISO. Both of these

variables were collected from the OASIS API.

7.2 Difference-in-Differences Methodology and Results

We estimate the following difference-in-differences specification for each market outcome

variable Yt:

Yt = αm + θw +X ′tφ+ β0HIGHt + δDD(HIGHt × POSTEVBt) + ut (5)

where t indexes the day-of-sample. We include month-of-sample fixed effects (αm) and an

indicator for whether the day-of-sample is a weekday versus weekend (θw). As mentioned

above, this specification also controls for a host of factors Xt: the log of total electricity

demand, the log of net electricity imports, two separate controls for the logs of the natural

gas prices paid at the PG&E and SCG citygates, as well as separate controls for the log of

total daily production in MWh from: (1) renewables, (2) nuclear sources, and (3) hydro

sources.

The indicator variable POSTEVBt is equal to one if the day-of-sample is after the

introduction of explicit virtual bidding on February 1st 2011 and is equal to zero other-

30The classification “renewables” includes wind, solar, biogas, biomass, and hydro sources with capac-
ity less than 30 MW.

31Appendix Figure A.3 presents the monthly total output by source over our sample period. Com-
fortingly, we do not see a discernable trend in production from renewable, nuclear or hydro sources in
the 6-month window around the introduction of EVB.
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wise. This variable is not included separately in the regression specification because it is

absorbed by the month-of-sample fixed effects. The indicator variable HIGHt is equal to

one if and only if aggregate electricity demand in day-of-sample t is larger than the 75th

percentile of the distribution of aggregate daily demand across our 4/1/2009-3/31/2012

sample period. The independent variable of interest, HIGHt×POSTEVBt, captures how

the introduction of financial trading impacts the outcome in high demand days relative

to low demand days. Finally, we cluster standard errors by week-of-sample.

Table 4 presents the results from estimating this difference-in-differences specification.

We discuss robustness checks pertaining to these results, such as the statistical test for

common pre-existing trends, in the next subsection. Column 1 of Table 4 indicates that

the introduction of explicit virtual bidding to California’s wholesale electricity market

resulted in a 2.7% reduction in average fuel costs per MWh in high demand days relative

to low demand days. Aggregating across all of the power plants in our sample, this 2.7%

decrease in fuel costs per MWh corresponds to a 24.6 million dollar reduction in the

annual fuel costs incurred in high demand days. Similarly, we find a 2.8% reduction in

average input heat energy per MWh in high demand days due to financial trading (see

Column 2 of Table 4). A 2.8% reduction in thermal energy per MWh translates into an

annual reduction in CO2 emissions of 298,000 tons in high demand days.

From Column 3 of Table 4, we see that, on average, gas-fired units in aggregate

started up 18% less times in high demand days relative to low demand days after EVB

is introduced. This assuages concerns that market participants are submitting trades in

order to profit from exacerbating physical constraints such as start-ups or ramp rates. To

more directly address this concern, we consider the ancillary services payments made to

electricity suppliers in order to ensure that supply meets demand at every instant in time.

If allowing purely financial participation resulted in the exacerbation of transmission

congestion, start-up, ramping, or other system operating constraints, we would expect a

marked increase in ancillary service costs. This does not turn out to be the case; Column

4 of Table 4 demonstrates that there is no statistical difference in ancillary service costs

per MWh before versus after EVB on high versus low demand days.

Summarizing, the evidence presented in Sections 4 and 6 suggest that day-ahead elec-

tricity prices better predict expected real-time prices due to the introduction of financial

trading. The empirical evidence presented in this section supports the assertion that the
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Table 4: Diff-in-Diff: High versus Low Demand Days Before versus After EVB

(1) (2) (3) (4)

HIGHt × POSTEVBt -0.027∗∗∗ -0.028∗∗∗ -0.179∗∗∗ -0.064
(0.007) (0.007) (0.063) (0.086)

HIGHt 0.011∗∗∗ 0.011∗∗∗ 0.058 -0.077∗

(0.004) (0.004) (0.044) (0.045)

R2 0.970 0.736 0.545 0.848
Mean of Dep. Var. 3.728 2.079 3.726 0.170

Number of Obs. 1,095 1,095 1,095 1,095

Notes: The unit of observation for these regressions is day-of-sample. Standard errors are clustered
by week-of-sample and are reported in parentheses. The dependent variables considered in this table
are: (1) the log of fuel costs per MWh, (2) the log of input energy per MWh, (3) the log of the total
number of times gas-fired units started up in the day-of-sample, and (4) the log of ancillary service
costs per MWh. The row titled “Mean of Dep. Var.” reports the mean of the dependent variable.
All of the regressions listed in this table control for month-of-sample fixed effects, an indicator for
whether the day-of-sample is a weekday versus weekend, the log of total electricity demand, the log
of total electricity imports, two separate controls for the logs of the natural gas prices paid at the
PG&E and SCG citygates as well as separate controls for the log of total daily production from (1)
renewables, (2) nuclear sources, and (3) hydro sources.

Table Description: This table presents the difference-in-differences results pertaining to the effect
of explicit virtual bidding (i.e.: financial trading) on market outcomes in high demand days relative
to low demand days. The data used for this table span the sample period 4/1/2009-3/31/2012.
California introduced explicit virtual bidding (EVB) on February 1st 2011; the “Post EVB” indicator
is thus equal to one if and only if the day-of-sample is on or after February 1st 2011. The indicator
variable HIGHt is equal to one if and only if system-wide electricity demand in day t is greater
than the 75th percentile of the distribution of daily demands across our 4/1/2009-3/31/2012 sample
period.
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information encoded in day-ahead prices as a consequence of financial trading benefits

electricity consumers and producers in California. Specifically, as evidenced by Table 4,

allowing purely financial participation lowers the costs of satisfying electricity demand in

high demand days without unduly exacerbating the physical constraints associated with

electricity production and transmission.

7.3 Test for Common Pre-Existing Trends and Other Robust-

ness Checks

This subsection discusses robustness checks pertaining to our difference-in-differences

analysis. We focus first on an analysis of pre-existing trends. Specifically, Figure 5

presents the difference in monthly average residualized outcomes between high versus

low demand days; we only plot months-of-sample with both high and low demand days.

This figure also includes the best fit line through these monthly average differences,

calculated separately for the sample periods before versus after EVB.32

We residualize each outcome Yt by estimating the following equation:

Yt = αm + θw +X ′tφ+ ut

where we include month-of-sample fixed effects αm, an indicator for weekday-versus-

weekend θw and control variables Xt: the log of total electricity demand, the log of net

electricity imports, two separate controls for the logs of the natural gas prices paid at

the PG&E and SCG citygates, as well as separate controls for the log of total daily

production from: (1) renewables, (2) nuclear sources, and (3) hydro sources.

All four of the panels presented in Figure 5 suggest that the trends in outcome in

high versus low demand days are similar prior to the introduction of EVB. However, we

test this “common trends” assumption formally by regressing the first difference of each

outcome on an indicator for high demand days. The results of this analysis, presented in

Appendix Table E.1, indicate that there is no statistical difference in the time trend of

outcomes in high versus low demand days prior to the introduction of financial trading.

This provides evidence that the results provided in Table 4 are not due to pre-existing

32Appendix Figure A.5 plots monthly average residualized outcomes separately for high versus low
demand days.
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Figure 5: Monthly Average Difference in Residualized Outcomes Before vs. After EVB
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Notes: This figure plots the difference in the monthly average residualized outcomes in high versus
low demand days. We only plot months-of-sample with both high and demand days. This figure
also includes the best fit line through these monthly average differences, calculated separately for the
sample periods before versus after the introduction of explicit virtual bidding (EVB) on February 1st
2011. Residuals are calculated based on a daily-level regression of the relevant outcome on month-
of-sample fixed effects, an indicator for weekday-versus-weekend and the following control variables:
the log of total electricity demand, the log of net electricity imports, two separate controls for the
logs of the natural gas prices paid at the PG&E and SCG citygates, as well as separate controls for
the log of total daily production from: (1) renewables, (2) nuclear sources, and (3) hydro sources.
We consider the log of fuel costs per MWh of gas-fired output in the top left panel, the log of input
heat per MWh of gas-fired output in the top right panel, the log of total daily number of starts by
gas-fired units in the bottom left panel, and the log of ancillary services costs per MWh of gas-fired
output in the bottom right panel. Finally, this figure includes a vertical dashed line denoting the
introduction of EVB on February 1st 2011.
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differences in how outcomes evolve over time in high versus low demand days.

Next, we show that the estimated effects of EVB on the log of fuel costs per MWh and

the log of input heat per MWh in high versus low demand days are statistically significant

and similar in magnitude regardless of whether “high” demand days are defined based

on the 50th, 60th, 70th, 80th, or 90th percentiles of demand. This is true regardless of

whether we estimate these specifications using the data provided to us by CAISO or the

CEMS data collected by the USEPA (see Appendix Tables E.2 and E.3). Indeed, the

estimated effects using the CEMS data are roughly 1.5-2 times larger in absolute value

than the estimates from our primary specifications based on the CAISO data.

For either data-set, the estimated effects when defining “high demand” based on the

50th, 60th, or 70th percentiles of demand imply similar fuel cost savings and carbon

emissions reductions due to EVB. Focusing on the results from the CAISO data, our

estimates imply that the introduction of EVB reduces fuel costs by roughly 25-31 million

dollars and CO2 emissions by 306,000-375,000 tons in high demand days. However, the

fuel cost savings and carbon emissions reductions due to EVB are far lower if we instead

define treatment based on the 80th or 90th percentiles of demand. This is simply we

are applying a similarly sized effect to far fewer days when considering the 80th or 90th

percentiles of demand. For this reason, we focus on the 75th percentile of daily demand

as the cut-off for our primary specifications.

In addition, our empirical results are largely unchanged if we estimate Equation (5)

after dropping the 28 days before and after February 1st 2011 (see Appendix Table E.4).

This indicates that our findings are not driven by short-run adjustments to the intro-

duction of EVB. Our estimated effects also remain statistically significant if we calculate

standard errors using the Newey-West formula (Newey and West, 1987) accounting for

7 days (i.e.: one week) of autocorrelation (see Appendix Table E.5). Finally, Han et al.

(2018) raises the concern that difference-in-differences can be sensitive to high-leverage

observations. To address this, Appendix Table E.7 shows that the results are quite similar

if we trim observations corresponding to the top 1% and bottom 1% of the distribution

of the outcome variable.

For Appendix Table E.6, we estimate Equation (5) using only data from the 6 months

before and after the introduction of EVB on February 1st 2011. These empirical results

are quantitatively quite similar to our primary findings listed in Table 4. Focusing on a
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shorter window around February 1st 2011 addresses concerns that our results are driven

by long-run changes over the full sample period (i.e.: 4/1/2009-3/31/2012) in natural

gas prices or production from other types of sources such as renewables or nuclear.33

Finally, we consider two alternative specifications. First, we show that the results

are quantitatively similar when we run the regressions at the hourly-level rather than

the daily-level (see Appendix Table E.8). Our second alternative specification is based

on the daily total number of starts. Specifically, we define a day-of-sample as treated

if daily total number of starts is above the 75th percentile of the distribution of daily

starts. This specification isolates the impact of financial participation on market out-

comes due to changes in which units start up in order to meet peak demand (i.e.: the

maximum level of electricity demand across the 24 hours of the day). The results from

this specification are presented in Appendix Section E.4. These results tell the same

story as our primary findings documented in Table 4: the introduction of explicit virtual

bidding (EVB) reduces fuel costs per MWh, input heat energy per MWh, and ancillary

service costs per MWh on days with a large number of starts relative to days with a

small number of starts. Moreover, the estimated effect of EVB on fuel costs per MWh on

days with a large number of starts is similar regardless of whether “high start” days are

defined based on the 50th, 60th, 70th, 75th, 80th, or 90th percentiles of the distribution

of daily starts.

8 Implications for Electricity Market Design

Previous work has argued that forward commodity markets provide benefits to consumers

and producers in part because they aggregate information about the future values of spot

prices across market participants (Newbery, 2008). Consistent with this intuition, we find

that both the average and variance of day-ahead/real-time price spreads fell after explicit

virtual bidding (EVB) was introduced. Moreover, our implied trading cost measure of

the extent of agreement between day-ahead and real-time prices is substantially smaller

after the introduction of EVB.

We more formally test whether implied trading costs fell as a consequence of allow-

33For example, it is especially comforting that the results remain similar when considering the 6 month
window around February 1st 2011 because this shorter window does not include the shutdown of the
San Onofre nuclear plant in February 2012 (Davis and Hausman, 2016).
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ing purely financial participation using a difference-in-differences framework. Specifically,

prior to the introduction of EVB, only suppliers could trade day-ahead/real-time price

spreads. They could do so by altering the physical bids associated with their generation

units. This trading strategy is thus only feasible for suppliers at the locations associated

with their generation units. In contrast, explicit virtual bidding allows any market par-

ticipant the opportunity to trade price spreads at any location in the transmission grid.

Consistent with this intuition, we show that the average reduction in implied trading

costs due to EVB is larger at locations without generation units relative to locations

with generation units. In addition, we find no difference in average implied trading costs

at generation nodes versus load-withdrawal nodes after the introduction of EVB. This

suggests that day-ahead prices better reflect real-time conditions at all locations in Cal-

ifornia’s transmission network due to the introduction of financial trading rather than

secular trends over time in factors such as natural gas prices or investment in renewables.

Economists have long speculated that the information provided by forward commod-

ity markets benefits producers and consumers of the commodity (Working (1953); Gray

(1964); Cox (1976)). We empirically test this assertion by comparing market outcomes in

high versus low demand days before versus after California introduced financial trading

to its electricity market on February 1st 2011. We find that the introduction of financial

trading resulted in a 2.7% (2.8%) reduction in fuel costs (thermal energy) per MWh in

high demand days. This 2.7% reduction in fuel costs per MWh implies that the annual

total fuel costs incurred during high demand days are 24.6 million dollars lower as a

consequence of allowing purely financial participation. Moreover, our estimated 2.8%

reduction in thermal energy per MWh implies that roughly 298,000 less tons of CO2 are

emitted each year in high demand days due to the introduction of financial trading.

Financial trading in this context thus comes with substantial economic and environ-

mental benefits. However, allowing purely financial participation in wholesale electricity

markets is not without controversy. Specifically, many have expressed concerns that fi-

nancial traders take advantage of physical constraints such as transmission congestion

or the start-up times of generation units in order to profit at the expense of electricity

producers and consumers. Our evidence suggests that introducing financial trading did

not significantly exacerbate the physical constraints inherent to electricity production

and distribution. In particular, we find that the incidence of generation unit start-ups
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fell in high demand days as a consequence of allowing purely financial participation.

Moreover, there is no statistical difference before versus after February 1st 2011 in the

per-MWh ancillary service costs associated with ensuring that supply meets demand in

high demand days.

Finally, we use our estimates to provide a back-of-the-envelope calculation of the

benefits from reducing the per-unit costs of trading in California’s wholesale electricity

market. Specifically, our results indicate that the average reduction in implied trading

costs after EVB was introduced was $3.45 per MWh. We also estimate that fuel costs

per MWh decrease by $1.09 in high demand days relative to low demand days due to

EVB. Combined, this implies that a 5 cent reduction in transaction costs corresponds

to a roughly 1.6 (= 5 × 1.09
3.45

) cent reduction in fuel costs per MWh in high demand

days on average. However, there is substantial heterogeneity across locations and days

in our estimates of the costs and benefits from financial trading. This suggests that the

efficiency gains from reducing transaction fees would likely be even larger if these fees

were allowed to vary by location and day in order to reflect differences in the expected

benefits from financial trading across locations and days.
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A Additional Tables and Figures

A.1 Additional Tables and Figures: Descriptives and Market

Context

Appendix Figure A.1 presents a map of the territories served by each of California’s

investor-owned utilities.

Appendix Tables A.1 and A.2 list the market participants that are registered to sub-

mit explicit virtual bids to California’s wholesale electricity market. Physical market

participants (i.e.: electricity suppliers and demanders) that inject or withdraw electric-

ity (“participants that schedule electricity”) are listed separately from purely financial

traders (“participants that don’t schedule electricity”). This list suggests that a large

number of both physical and financial participants submit EVBs to California’s electricity

market.

That being said, Appendix Table A.3 documents that physical participants account

for only roughly 4% of virtual bidding volumes and less than 0.5% of net revenues from

financial trades in 2012.34 It is thus unlikely that physical participants have better infor-

mation than financial participants as it relates to profiting from expected day-ahead/real-

time price spreads. The fact that physical participants represent such a low percentage

of trading volumes also makes it unlikely that they use virtual bids to hedge against

day-ahead price and demand uncertainty.

Appendix Figure A.2 presents average day-ahead/real-time price spreads for each

month-of-sample and each load aggregation point (LAP). The vertical dashed black line

is placed at February 2011, noting that explicit virtual bidding was introduced to Cali-

fornia’s wholesale electricity market on February 1st 2011. The three LAPs correspond

to the territories served by Pacific Gas and Electric (PG&E), Southern California Edison

(SCE), and San Diego Gas and Electric (SDG&E).

Finally, Appendix Figure A.3 plots monthly total electricity production by type: gas-

fired, nuclear, renewables (wind + solar + biomass + biogas + hydro sources less than

30 MW), and all hydro. We sum only over sources under the operational control of Cal-

ifornia’s Independent System Operator (CAISO). This figure includes a vertical dashed

34This table is reproduced from CAISO’s 2012 Annual Report.
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Figure A.1: Territories Served by California’s Three Major Investor-Owned Utilities

Notes: This is a map of the territories served by each of the three major investor-owned electric
utilities in California. These three utilities are Pacific Gas and Electric (PG&E), Southern California
Edison (SCE), and San Diego Gas and Electric (SDG&E). This map is provided by the California
Energy Commission; see https://www.ferc.gov/market-oversight/mkt-electric/california.asp.

52

https://www.ferc.gov/market-oversight/mkt-electric/california.asp


Figure A.2: Monthly Average Price Spreads: By Load Aggregation Point
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Notes: This figure presents average day-ahead/real-time price spreads for each month-of-sample
and each load aggregation point (LAP). The vertical dashed black line is placed at February 2011,
noting that explicit virtual bidding was introduced to California’s wholesale electricity market on
February 1st 2011. The three LAPs correspond to the territories served by Pacific Gas and Electric
(PG&E), Southern California Edison (SCE), and San Diego Gas and Electric (SDG&E).
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Table A.1: List of Market Participants Registered to Explicit Virtual Bid: Part (1)

Participants that Schedule Electricity Participants that Don’t Schedule Electricity

(1) J. Aron and Company, LLC Amber Power

(2) Brookfield Energy Marketing LP Appian Way Energy Partners West, LLC

(3) BP Energy Company ATNV Energy

(4) Engelhart CTP (US), LLC Automated Algorithms LLC

(5) Calpine Energy Services, LP Bilton Wong Power, Inc.

(6) California Department of Water Resources Blackout Power Trading, Inc.

(7) Just Energy Calicot Energy LLC

(8) Citigroup Energy, Inc. Clear Power LLC

(9) ConocoPhillips Company Cumulus Master Fund

(10) Shell Energy North America (US), L.P. Darby Energy, LLLP

(11) CWP Energy, Inc. Dynasty Energy California Inc.

(12) DC Energy California, LLC Dynamis Capital, LLC

(13) DTE Energy Trading Inc. Eagle’s View Partners, Ltd

(14) EDF Trading North America, LLC EDP Renewables North America LLC

(15) Dynegy Marketing and Trade, LLC ETC Endure Energy LLC

(16) CP Energy Marketing (US), Inc. ETRACOM, LLC

(17) Boston Energy Trading and Marketing, LLC
(formerly Edison Mission Marketing and Trading) FANTODS, LLC

(18) Exelon Generation Company, LLC Freepoint Commodities, LLC

(19) NextEra Energy Marketing, LLC Golden Dome LLC (previously Ecesis LLC)

(20) Guzman Energy, LLC Gridmatic Inc.

(21) Rubicon NYP Corp Heartland Power Inc.

(22) Castleton Commodities Merchant Trading L.P. Hemsworth Capital Midwest LP

(23) Macquarie Energy LLC High Resolution Energy LLC

(24) MAG Energy Solutions, Inc. Hopewell Capital Partners, LP

(25) Modesto Irrigation District Inertia Power VII, LLC

(26) GenOn Energy Management, LLC LTSTE Investments, LLC

Notes: This table presents the first part of the list of market participants that are registered to
submit financial bids in California’s wholesale electricity market (CAISO (2019a)). This table is
split into two columns: the first column lists physical participants (i.e.: electricity suppliers and
demanders) who inject or withdraw electricity from the transmission grid while the second column
lists purely financial participants that don’t inject or withdraw electricity from the grid.

line denoting the introduction of explicit virtual bidding on February 1st 2011. Appendix

Figure A.3 shows that there are not large changes in production from other sources such

as renewables in the 6-12 months after the introduction of EVB. This assuages concerns

that our results are driven by coincident changes in production from these other sources

rather than EVB.
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Figure A.3: Monthly Total Electricity Production By Source
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Notes: This figure plots monthly total electricity production by type: gas-fired, nuclear, renewables
(wind + solar + biomass + biogas + hydro sources less than 30MW), and all hydro. We sum only
over sources under the operational control of California’s Independent System Operator (CAISO).
Finally, this figure includes a vertical dashed line denoting the introduction of explicit virtual bidding
on February 1st 2011.
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Table A.2: List of Market Participants Registered to Explicit Virtual Bid: Part (2)

Participants that Schedule Electricity Participants that Don’t Schedule Electricity

(27) Morgan Stanley Capital Group Inc. Mercuria Energy America, Inc.

(28) Constellation NewEnergy, Inc. MET West Trading, LLC

(29) NRG California South, LP Monterey CA, LLC

(30) NRG Power Marketing LLC NDC Partners LLC

(31) Pacific Gas and Electric Company (PG&E - Trading) NorthStar SW Ltd.

(32) Portland General Electric Company Precept Power LLC

(33) Avangrid Renewables, LLC Red Wolf CT, LLC

(34) Public Service Company of Colorado (Xcel Energy) Saracen Energy West, LP

(35) Powerex Corp. Sesco Caliso, LLC

(36) Royal Bank of Canada Sirius Power Trading LLC

(37) Rainbow Energy Marketing Corporation Solios Power, LLC

(38) City of Roseville (Roseville Electric) Tios Capital, LLC

(39) Southern California Edison Company Tommy Energy Solutions Corp

(40) San Diego Gas and Electric Company Triolith Energy Fund, LP

(41) Calpine Energy Solutions TrueLight Energy Fund, LP

(42) Direct Energy Business, LLC Trumpet Trading, LLC

(43) Sempra Gas and Power Marketing, LLC Tungsten Power LP

(44) Sacramento Municipal Utility District Tyne Hill Investments LP

(45) TransCanada Energy Sales Ltd. Uncia Energy LP - Series C

(46) City of Tacoma
Department of Public Utilities, Light Division Velocity American Energy Master I, LP

(47) The Energy Authority, Inc XO Energy CAL, LP

(48) TEC Energy Inc. Yuma Electric, LLC

(49) TransAlta Energy Marketing (U.S.) Inc.

(50) Tenaska Power Services Co.

(51) Valley Electric Association, Inc.

(52) Vitol, Inc.

(53) Western Area Power Administration
Sierra Nevada Region (WAPA)

(54) ZGlobal Inc.

Notes: This table presents the second part of the list of market participants that are registered
to submit financial bids to California’s wholesale electricity market (CAISO (2019a)). This table
is split into two columns: the first column lists physical participants (i.e.: electricity suppliers and
demanders) who inject or withdraw electricity from the transmission grid while the second column
lists purely financial participants that don’t inject or withdraw electricity from the grid.
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Table A.3: Convergence Bidding Volumes and Revenues by Participant Type in 2012

Average Hourly Megawatts
Trading Entities Virtual Demand Virtual Supply Total

Financial 1,049 757 1,807
Marketer 467 374 841

Physical Generation 61 70 131
Physical Load 8 36 45

Revenues (Million Dollars)
Trading Entities Virtual Demand Virtual Supply Total

Financial 31.2 18.7 49.9
Marketer 6.8 -0.3 6.5

Physical Generation 1.8 0.0 1.8
Physical Load -1.1 -0.5 -1.6

Notes: This is Table E.1 from CAISO’s 2012 Annual Report (CAISO (2012a)). Financial entities
are defined as “participants who control no physical power, do not serve any load, and participate
in only the convergence bidding and congestion revenue rights markets.” In contrast, generation
unit owners (i.e.: electricity suppliers) are in the “Physical Generation” category while load-serving
entities (i.e.: electricity demanders) are in the “Physical Load” category.
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A.2 Additional Tables and Figures: Implied Trading Costs

Appendix Figure A.4 plots the bootstrap distributions of implied trading costs for the

load aggregation points (LAPs) corresponding to the territories served by PG&E, SCE

and SDG&E. We plot separate distributions for the pre-EVB versus post-EVB sample

periods in purple and green respectively. The solid vertical lines on each graph in this

figure denote our estimated values for clower (in red) and cupper (in blue) for the pre-

EVB sample period while the dotted vertical lines denote our estimated values for clower

and cupper for the post-EVB sample. Recall that clower is the smallest value of per-unit

transaction costs for which we can reject the null hypothesis that a profitable trading

strategy exists, which corresponds to the 5th percentile of the distribution of implied

trading costs. cupper is the largest value of transaction costs for which we can reject the

null hypothesis that no profitable trading strategy exists, which corresponds to the 95th

percentile of the distribution of implied trading costs.

The top left panel, the top right panel, and the bottom middle panel of Appendix

Figure A.4 focuses on the implied trading costs associated with the day-ahead/real-time

price spreads faced by PG&E, SCE, and SDG&E respectively. All three panels indicate

that both clower and cupper fell substantially after the introduction of explicit virtual

bidding (EVB). That being said, Figure 3 presents results from a formal test of the null

hypothesis that clower and cupper remained the same before versus after EVB.

Appendix Table A.4 presents estimates for how implied trading costs changed before

versus after the introduction of explicit virtual bidding (EVB) across three types of

locations (i.e.: nodes): (1) “baseload” nodes where the amount of electricity injected

into the node was greater than zero in at least 75% of hours-of-sample, (2) “peaker”

nodes where the amount of electricity injected into the node was greater than zero in

less than 75% of hours-of-sample, and (3) “load-withdrawal” nodes not associated with

a generation unit. The unit of observation for the regressions presented in Appendix

Table A.4 is a node in one of two sample periods: the sample period before EVB (i.e.:

4/1/2009-1/31/2011) versus the sample period after EVB (i.e.: 2/1/2011-3/1/2012).

Columns 1-2 (3-4) focus on clower (cupper): the 5th (95th) percentile of the boot-

strapped distribution of the maximum over hours of the day of the absolute value of the

24 × 1 vector of hourly average day-ahead/real-time price spreads. For Columns 2 and
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Figure A.4: Bootstrap Distribution of Maximum Absolute Average Price Spreads

Distribution of Implied Trading Costs: PG&E
Before EVB (Purple) vs. After EVB (Green)
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Distribution of Implied Trading Costs: SCE
Before EVB (Purple) vs. After EVB (Green)
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Distribution of Implied Trading Costs: SDG&E
Before EVB (Purple) vs. After EVB (Green)
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Notes: This figure plots the bootstrap distribution of the maximum over hours-of-the-day of the
absolute value of the 24 × 1 vector of hourly average day-ahead/real-time price spreads, which
we term “implied trading costs”. We plot separate distributions for the pre-EVB sample period
(4/1/2009-2/1/2011) versus the post-EVB sample period (2/1/2011-3/31/2012) in purple and green
respectively. The top left panel, the top right panel, and the bottom middle panel of this figure
focuses on the implied trading costs associated with the day-ahead/real-time price spreads faced by
PG&E, SCE, and SDG&E respectively. The solid vertical lines on each graph in this figure denote
our estimated values for clower (in red) and cupper (in blue) for the pre-EVB sample period while
the dotted vertical lines denote our estimated values for clower and cupper for the post-EVB sample.
clower is the smallest value of per-unit transaction costs for which we can reject the null hypothesis
that a profitable trading strategy exists, which corresponds to the 5th percentile of the distribution
of implied trading costs. cupper is the largest value of transaction costs for which we can reject the
null hypothesis that no profitable trading strategy exists, which corresponds to the 95th percentile
of the distribution of implied trading costs.
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Table A.4: Implied Trading Costs Before vs. After EVB For Baseload versus Peaker
versus Non-Gen Nodes

Dep. Var. clower cupper
(1) (2) (3) (4)

Post EVB × Gen Node × Baseload 0.547 0.711∗∗∗ 0.332 1.549∗∗∗

(0.385) (0.202) (1.346) (0.465)

Post EVB × Gen Node 0.452 0.109 2.107 0.865∗∗

(0.365) (0.161) (1.323) (0.377)

Gen Node × Baseload -1.023∗∗∗ -0.828∗∗∗ -2.072∗∗∗ -1.783∗∗∗

(0.216) (0.189) (0.434) (0.395)

Gen Node -0.257 -0.150 -0.925∗∗ -0.616∗

(0.184) (0.149) (0.376) (0.320)

Post EVB -3.657∗∗∗ -3.364∗∗∗ -6.777∗∗∗ -6.579∗∗∗

(0.071) (0.050) (0.194) (0.115)

Constant 10.812∗∗∗ 10.468∗∗∗ 19.305∗∗∗ 18.628∗∗∗

(0.065) (0.046) (0.153) (0.102)

Trim Top and Bottom 1% No Yes No Yes
Sample Period: 4/1/2009-3/31/2012 Yes Yes Yes Yes
Sample Period: 8/1/2010-8/31/2011 No No No No

Mean of Dep. Var. 8.885 8.706 15.728 15.190
Std. Dev. of Dep. Var. 3.744 3.744 10.201 10.201

R2 0.229 0.370 0.103 0.290
Number of Obs. 9,678 9,485 9,678 9,484

Notes: This table reports the results from our difference-in-differences specification comparing
implied trading costs before versus after the introduction of explicit virtual bidding (EVB) for pricing
locations (i.e.: nodes) associated with generation units (“Gen Nodes”) versus not associated with
generation units (“Non-Gen Nodes”). We consider two types of Gen Nodes: locations associated
with generation units that produced in over 75% of hours-of-sample (“Baseload”) versus locations
associated with generation units that produced in less than 75% of hours-of-sample (“Peaker”). The
unit of observation for these regressions is a node for the sample period before versus after the
introduction of EVB on February 1st 2011; we consider the sample periods 4/1/2009-1/31/2011
versus 2/1/2011-3/31/2012 in all specifications. We report heteroskedasticity-consistent standard
errors in parentheses. We consider two dependent variables: clower in the first two columns and
cupper in the last two columns. For each node in each sample period, clower (cupper) is the 5th (95th)
percentile of the bootstrapped distribution of the maximum over hours of the day of the absolute
value of the 24×1 vector of hourly average day-ahead/real-time price spreads. For Columns 2 and 4,
we trim observations corresponding to the top 1% and bottom 1% of the distribution of the outcome
variable before estimating the regression.

Variable Definitions: Post EVB is an indicator variable that’s equal to one if the observation
corresponds to the sample period after EVB is introduced. Gen Node is an indicator variable that’s
equal to one if and only if the node is associated with a generation unit. Baseload is an indicator
variable that’s equal to one if and only if the amount of electricity injected into the node was greater
than zero in at least 75% of hours-of-sample.
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4, we trim observations corresponding to the top 1% and bottom 1% of the distribution

of the outcome variable before estimating the regression. We report heteroskedasticity-

consistent standard errors in parentheses.

This table tests the general intuition that some types of units may find it less costly

to adjust their real-time output to profit from expected differences between day-ahead

and real-time prices than others. Specifically, we hypothesize that units that operate less

frequently would find it more costly to inject more electricity than expected in real-time

because they might have to start-up or ramp up production to do so. This somewhat

limits the extent to which the owners of these units can adjust their physical bids to

profit from expected day-ahead/real-time price spreads.

Consistent with this hypothesis, the results presented in Appendix Table A.4 indicate

that implied trading costs prior to EVB were smallest for baseload nodes, followed by

peaker nodes, with load-withdrawal nodes exhibiting the largest implied trading costs.

Though we lose statistical power in some cases, the coefficient estimates corresponding

to post-EVB implied trading costs suggest that implied trading costs equalized across

baseload versus peaker versus load-withdrawal nodes on average after EVB was intro-

duced.

Combined, the results presented in Appendix Table A.4 are consistent with the intu-

ition that, prior to EVB, the dynamic costs associated with adjusting real-time output

to trade day-ahead/real-time price spreads are smaller for units that operate more fre-

quently. After EVB is introduced, all market participants can trade day-ahead/real-time

price spreads at any location; we should thus no longer expect differences in implied

trading costs across baseload versus peaker versus load-withdrawal nodes after EVB is

introduced.

A.3 Additional Tables and Figures: Difference-in-Differences

Appendix Figure A.5 presents monthly average residualized outcomes in high versus

low demand days; we only plot months-of-sample with both high and low demand days.

Specifically, we residualize each outcome Yt in day-of-sample t by estimating the following

equation:

Yt = αm + θw +Xtφ+ ut
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where we include month-of-sample fixed effects αm, an indicator for weekday-versus-

weekend θw and a host of control variables Xt: the log of total electricity demand, the

log of net electricity imports, two separate controls for the logs of the natural gas prices

paid at the PG&E and SCG citygates, as well as separate controls for the log of total

daily production from: (1) renewables, (2) nuclear sources, and (3) hydro sources.

The outcomes considered in Appendix Figure A.5 are the log of fuel costs per MWh

of gas-fired output, the log of input heat per MWh of gas-fired output, the log of ancillary

services costs per MWh of gas-fired output, and the log of total daily number of starts

by gas-fired units. This figure includes a vertical dashed line denoting the introduction

of explicit virtual bidding (EVB) on February 1st 2011. Appendix Figure A.5 indicates

that there are not substantial differences in the trends of monthly average residualized

outcomes prior to EVB being introduced. This figure also documents that residualized

outcomes do not change much on average for low demand days after the introduction

of EVB; our results seem to be driven by changes in market operations in high demand

days after February 1st 2011.
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Figure A.5: Monthly Average Residualized Outcomes Before versus After EVB
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Notes: This figure plots monthly residualized outcomes averaged separately over high versus low
demand days. We only plot average residuals corresponding to months-of-sample with both high
and low demand days. Residuals are calculated based on a daily-level regression of the relevant
outcome on month-of-sample fixed effects, an indicator for weekday-versus-weekend and a host of
control variables: the log of total electricity demand, the log of net electricity imports, two separate
controls for the logs of the natural gas prices paid at the PG&E and SCG citygates, as well as
separate controls for the log of total daily production from: (1) renewables, (2) nuclear sources, and
(3) hydro sources. We consider the log of fuel costs per MWh of gas-fired output in the top left panel,
the log of input heat per MWh of gas-fired output in the top right panel, the log of ancillary services
costs per MWh of gas-fired output in the bottom left panel, and the log of total daily number of
starts by gas-fired units in the bottom right panel. Finally, this figure includes a vertical dashed line
denoting the introduction of explicit virtual bidding on February 1st 2011.
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B Trading Fees for California’s Electricity Market

There are three broad types of transaction costs associated with financial trading in Cal-

ifornia’s wholesale electricity market: collateral, trading fees and uplift. Purely financial

participants must post collateral greater than the total value of the virtual bids they

submit each day.35 This collateral does not earn any rate of return while it is held by

California’s Independent System Operator (ISO). Moreover, there can be a lag of more

than two weeks between when a market participant requests that some or all of its col-

lateral be returned and when this money is actually returned. Consequently, a purely

financial participant is foregoing non-trivial financial returns on any collateral posted

with the California ISO in order to engage in virtual bidding.36

Purely financial participants must pay roughly 0.5 cents for each price and quantity

pair associated with each virtual bid they submit. They must also pay 9 cents per

MWh of virtual energy cleared in fees associated with “market services”. For example,

consider a virtual bidder that submits a demand curve with 10 price/quantity steps

to the day-ahead market. If 50 MWh of her demand bid clears, she must pay $4.55

= ($0.09× 50) + ($0.005× 10) in transaction fees. Finally, all financial participants are

required to pay a monthly transaction fee of 1,000 dollars regardless of the volume of

virtual bids they submit or clear.37

Finally, market operators clear day-ahead and real-time markets by solving a com-

plex mixed-integer programming problem. The California ISO is sometimes forced to

manually dispatch generation units after the close of the day-ahead market or in real-

time to satisfy operational constraints that may not have have been accounted for in the

day-ahead or real-time markets. The units forced to change production levels outside

of the market-clearing mechanism receive “uplift” payments. Generation units that are

turned on in the day-ahead market and fail to recover their start-up, minimum load and

as-offered energy cost also receive a “make-whole payment” to cover this deficit. These

make-whole payments are also included in uplift.

35The total value of the virtual bids submitted each day is equal to the sum of the product of the
absolute value of megawatt-hours offered times the applicable reference price for a virtual bid at that
location. See the California ISO document, “Convergence bidding, participating in markets, credit policy
implications,” for a description of the process used to compute nodal reference prices.

36See the California ISO document, “California ISO Credit Management,” for more background.
37These transaction fees are listed in Session 7 of the Convergence Bidding tutorial published by

California’s ISO (CAISO (2015b)).
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Figure B.1: Annual Uplift Charges for the Five Major ISOs: 2009-2013
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approximately $0.30/MWh and $1.40/MWh, a fraction of the energy market prices during 
these periods.    

 
 

 

 

Figure 1: Total Annual Uplift Credit by RTO and ISO ($/MWh) 

Notes: This figure is taken from FERC (2014). Annual average uplift charges (in dollars per MWh)
are calculated for each Independent System Operator (ISO) by dividing total annual uplift credits
(in dollars) by total annual electricity demand (in MWhs). Total uplift charges and total electricity
demand for CAISO for 2009 are based on the nine months of data after 4/1/2009. FERC estimated
the total uplift charges and electricity demand for ISO-NE in 2012. Uplift charges for PJM for the
years 2012 and 2013 exclude the credits associated with reactive services (these credits amount to
approximately 45 million dollars per year).

Uplift payments are made by the market participants whose bids contributed to the

out-of-market dispatch of units. Each participant’s contribution is based on a formula

subject to fierce policy debate (Kurlinski, 2013). Purely financial participants are re-

quired to pay uplift to the extent that their trades result in unit production outcomes

that deviate from those dictated by the market clearing algorithm. Appendix Figure

B.1 shows the annual average uplift charge per MWh of electricity demand for the five

major Independent System Operators (ISOs) in the United States for 2009-2013. This

figure indicates that average uplift charges range from roughly 40 to 60 cents per MWh.

However, these annual average values conceal significant volatility in daily uplift charges

(FERC (2014)).

Appendix Figure B.2 plots monthly total uplift payments in California from 4/2009-

12/2013. This figure shows an increase in uplift payments after the introduction of

explicit virtual bidding (EVB) in February 2011.38 Kurlinski (2013) argues that much

of this increase in uplift payments as a consequence of EVB is due to financial trading

38The spike in uplift payments in August 2012 was likely due to an extreme heat wave from August
7th through August 17th (CAISO (2012b)).

65



Figure B.2: Correlation Between Uplift and Day-Ahead Prices
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3. Impact of Day-Ahead and Real-Time Price Spreads 
 

To further understand the relationship between uplift credits and prices, day-ahead 
and real-time price differences and uplift costs were assessed.  Price spreads driven by high 
real-time prices relative to day-ahead prices may indicate that insufficient resources were 
committed day-ahead to reliably operate the system in real-time.  Conversely, relatively 
low real-time prices could indicate that more resources were committed than were needed.  
The difference between the resources that clear in the day-ahead market or were 
committed prior to the real-time and the resources that are ultimately needed for real-time 
operations could influence uplift costs.    

 
To ascertain the degree of any relationship between uplift credits and price spreads, 

the differences between day-ahead and real-time prices (hourly DA/RT spreads) at major 
price points in each RTO and ISO were identified.  The absolute value of each DA/RT spread 
was used to calculate a monthly average of hourly DA/RT spread values.  The values 
showed a clear correlation between price deviations and uplift payments.  The correlation 
coefficient values for ISO-NE, MISO and NYISO were relatively strong at 0.85, 0.65 and 0.68, 
respectively.  Analysis of PJM data also suggested a strong correlation, although less so at 
0.47.  Interestingly, these correlations weakened with the addition of 2012 and 2013 data.  
Similar to the above analysis on locational marginal prices, CAISO stood out in comparison 
to the other RTOs and ISOs and exhibited weak correlation between price deviations and 

Figure 7: Uplift and Locational Marginal Price Correlation in CAISO 
 

Notes: The day-ahead locational marginal prices are TH_SP15_GEN-APND from Ventyx.  The Pearson correlation coefficient (r) was used to 
assess correlation between monthly locational marginal price and monthly uplift credits.   

 
Notes: This figure is taken from FERC (2014). This figure documents the correlation between
monthly total uplift credits paid out by CAISO and the monthly average locational marginal price
for the node TH SP15 GEN-APND from Ventyx. The Pearson correlation coefficient between uplift
and day-ahead prices is r = -0.07.

at “interties”: locations from which electricity is imported or exported between CAISO

and other balancing authorities. During our sample period, this led to fierce policy

debate surrounding both whether trading at interies should be allowed and how uplift

payments from trades should be allocated. Consequently, virtual bidding on interties

was suspended on November 28, 2011. This highlights the importance of our results

estimated using only the 6 months before and after February 2011.

Finally, Appendix Figure B.2 also documents that there isn’t much correlation be-

tween monthly average day-ahead prices and total monthly uplift charges in aggregate.

Moreover, average day-ahead prices are between roughly 30-50 dollars per MWh while

average uplift charges are roughly 0.40 to 0.60 dollars per MWh. It is thus unlikely that

the increases in uplift charges after EVB was introduced resulted in substantial increases

in the retail electricity prices paid by consumers. Instead, the policy debate has centered

on the allocation of uplift charges across financial versus physical market participants.
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C Additional Empirical Results: Price Spreads

This Appendix section discusses four additional results pertaining to differences be-

tween day-ahead and real-time electricity prices (i.e.: day-ahead/real-time price spreads).

The first subsection provides empirical evidence that average day-ahead/real-time price

spreads are smaller in absolute value after the introduction of explicit virtual bidding. We

next show that the volatility of both price spreads and real-time prices fell after explicit

virtual bidding (EVB) was introduced. Combined, the results presented in the first two

subsections suggest that day-ahead prices better reflect real-time conditions after EVB

was introduced.

The third subsection presents the methodology and results corresponding to the hy-

pothesis test that the distribution of the number of hours of day with positive average

price spreads for load-withdrawal nodes first-order stochastically dominates the corre-

sponding distribution for generation nodes. We perform this test separately for the

sample periods before versus after EVB is introduced. Our findings suggest that large

buyers exercise market power by taking actions to reduce day-ahead prices relative to

real-time prices at load-withdrawal nodes.

In the final subsection, we test whether the daily 24 × 1 vector of hourly price spreads

is autocorrelated over days-of-sample. The results of this analysis indicate that traders

are unlikely to earn significantly more profits by conditioning on day-ahead/real-time

price differences from two or more days prior to the current day.

C.1 Absolute Average Price Spreads Before Versus After EVB

This subsection describes our statistical test of whether expected day-ahead/real-time

price spreads decrease in absolute value after the introduction of explicit virtual bidding

(EVB) on 2/1/2011. In particular, we formulate a test of the null hypothesis that |µpre| >
|µpost|, where µpre (µpost) is a 24 × 1 vector composed of the expected day-ahead/real-

time price differences for each hour-of-the-day for the sample period 4/1/2009-1/31/2011

(2/1/2011-3/31/2012). We implement this statistical test separately for each pricing

location (i.e.: node).

Using the methodology derived in Wolak (1989), we compute the following test statis-
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tic in order to test the null hypothesis that |µpre| > |µpost|:

TS =
min

θ ≥ 0
(|Xpre| − |Xpost| − θ)′V̂ −1(|Xpre| − |Xpost| − θ)

where X
pre

(X
pre

) is a 24× 1 vector of the average day-ahead/real-time price differences

for each hour-of-the-day for the pre-EVB (post-EVB) sample period. We calculate the

covariance matrix V̂ as follows:

V̂ =
diag[SIGN(X

pre
)]′Σ̂prediag[SIGN(X

pre
)]

Npre
+
diag[SIGN(X

post
)]′Σ̂postdiag[SIGN(X

post
)]

Npost

where the diag[Z] operator takes a vector Z and returns a diagonal matrix with the

elements of Z on the diagonal. Npre (Npost) is the number of days in the sample period

before (after) the introduction of explicit virtual bidding. Σ̂pre (Σ̂post) is an estimate

of the asymptotic covariance matrix associated with X
pre

(X
post

); we compute these

covariance matrices using the autocorrelation consistent estimator proposed by Newey

and West (1987) accounting for 14 days of lagged data. We reject the null hypothesis

that |µpre| > |µpost| if and only if:

24∑
h=1

w(24, 24− h, V̂ )Pr[χ2
(h) > TS] < α

where χ2
(h) is a chi-squared random variable with h degrees of freedom, w(24, 24− h, V̂ )

are the weights defined in Wolak (1989), and α is the asymptotic size of the hypothesis

test. We consider tests of size α = 0.05 in the results presented below. The test statistic

and p-value associated with the null hypothesis that |µpost| > |µpre| are computed in a

similar manner.

We first perform these statistical tests on the load aggregation point (LAP) level

price spreads faced by each of California’s three major electricity distribution utilities:

Pacific Gas and Electric (PG&E), Southern California Edison (SCE), and San Diego Gas

and Electric (SDG&E). Appendix Table C.1 presents the p-values associated with these

tests. We fail to reject the null hypothesis that |µpre| > |µpost| for all three LAPs, but

reject the null hypothesis that |µpost| > |µpre| for SCE and SDG&E.

We also perform our statistical tests separately for each node. Specifically, Column

1 of Appendix Table C.2 lists the proportion of nodes for which we fail to reject the null
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Table C.1: LAP-Level P-values for the Absolute Difference Tests

H0 : |µpre| > |µpost| |µpost| > |µpre|

PG&E 0.704 0.141
SCE 0.907 0.006

SDG&E 0.689 0.040

Notes: This table reports the p-values associated with the statistical test of the null hypothesis that
|µpre| > |µpost| (Column 1) as well as the statistical test of the null hypothesis that |µpost| > |µpre|
(Column 2). µpre (µpost) is a 24 × 1 vector composed of the expected day-ahead/real-time price
spreads for each hour of the day for the sample period before (after) the introduction of explicit
virtual bidding (EVB); the pre-EVB sample period is 4/1/2009-1/31/2011 while the post-EVB
sample is 2/1/2011-3/31/2012. We perform these statistical tests on the load aggregation point
(LAP) level price spreads faced by each of California’s three major electricity distribution utilities:
Pacific Gas and Electric (PG&E), Southern California Edison (SCE), and San Diego Gas and Electric
(SDG&E).

Table C.2: Proportion of Nodes for which we fail to reject the Absolute Difference Test

H0 : |µpre| > |µpost| |µpost| > |µpre|

Gen Nodes 0.983 0.015
Non-Gen Nodes 0.988 0.013

Notes: This table reports the proportion of pricing locations (i.e.: nodes) for which we fail to reject
the null hypothesis that |µpre| > |µpost| (Column 1) and the null hypothesis that |µpost| > |µpre|
(Column 2). µpre (µpost) is a 24 × 1 vector composed of the expected day-ahead/real-time price
spreads for each hour-of-the-day for a given node for the sample period before (after) the introduction
of explicit virtual bidding (EVB). There are 653 nodes associated with generation units (“Gen
Nodes”) and 3,961 nodes not associated with generation units (“Non-Gen Nodes”) that are present
in both the pre-EVB sample (4/1/2009-2/1/2011) and the post-EVB sample (2/1/2011-3/31/2012).
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hypothesis that |µpre| > |µpost|, separately for nodes associated with generation units

(“Gen Nodes”) versus nodes not associated with generation units (“Non-Gen Nodes”).

We fail to reject this null hypothesis for roughly 98% of nodes for both generation and

non-generation nodes. Column 2 of Appendix Table C.2 lists the proportion of nodes

for which we fail to reject the null hypothesis that |µpost| > |µpre|. We fail to reject this

null hypothesis for only roughly 1.5% of nodes for both generation and non-generation

nodes. Combined, we have strong evidence that absolute average day-ahead/real-time

price spreads fell after purely financial participation was allowed. This suggests that day-

ahead prices provide better information on real-time conditions after the introduction of

financial trading.

C.2 Volatility in Prices Before versus After EVB

As discussed in Section 2, we expect financial participation in wholesale electricity mar-

kets to reduce day-ahead uncertainty regarding real-time conditions. As a consequence,

we should expect both the variance of day-ahead/real-time price spreads and the variance

of real-time prices to fall after the introduction of explicit virtual bidding (EVB). To test

this hypothesis, we compare estimates of the covariance matrices associated with price

spreads and real-time prices before versus after EVB was introduced. For ease of expo-

sition, we discuss the methodology used for this volatility test referring to price spreads;

we compute test statistics and p-values for the volatility of real-times prices using the

same method.

Setting up notation, let Xd,h be the realized price spread in hour-of-the-day h in day-

of-sample d; let Xd be the 24 × 1 vector composed of realized price spreads for each of the

24 hours of day d. This vector is drawn independently and identically from a distribution

with covariance matrix Λpre versus Λpost depending on whether we’re considering the

sample period 4/1/2009-1/31/2011 versus 2/1/2011-3/31/2012.

The variance of price spreads is larger pre-EVB relative to post-EVB if and only if

Λpre −Λpost is a positive semi-definite matrix. We construct a statistical test of this null

hypothesis by finding the eigenvalues {ω̂j}24
j=1 associated with Λ̂diff ≡ Λ̂pre − Λ̂post. We

test the joint null hypothesis that all of these eigenvalues are greater than or equal to

zero using the methodology developed by Wolak (1989).
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Specifically, our test statistic is:

TS = min
z ≥ 0

(Ω̂ − z)′[V̂ ar(Ω̂)]−1(Ω̂ − z)

where Ω̂ is the 24 × 1 vector containing the eigenvalues {ω̂j}24
j=1. The covariance matrix

V ar(Ω̂) is estimated using a moving-block bootstrap procedure.39 As described in the

previous subsection, the asymptotic distribution of test statistic TS is the weighted sum

of chi-squared random variables under the null hypothesis.

We also calculate the test statistic associated with the null hypothesis that price

spreads are more volatile post-EVB relative to pre-EVB (i.e.: Λpost − Λpre is a positive

semi-definite matrix). In addition, we use the same testing procedure considering real-

time prices instead of price spreads. The p-values associated with each of these statistical

tests, conducted separately for each load aggregation point (LAP), are documented in

Appendix Table C.3.

The results listed in Column 1 of the top panel of this table indicate that we fail to

reject the null hypothesis that day-ahead/real-time price spreads are more volatile before

the introduction of explicit virtual bidding (EVB) for all three LAPs. Similarly, we fail

to reject the null hypothesis that real-time prices are more volatile before EVB for all

three LAPs (see Column 2 of the top panel of Appendix Table C.3). Focusing on the

bottom panel of this table, we can reject the null hypothesis that the volatility of price

spreads is higher after EVB was introduced for all three LAPs. We can reject the null

hypothesis that real-time prices are more volatile after EVB for PG&E and SCE but not

SDG&E.

We also conduct these statistical tests at the nodal level. Specifically, Appendix Table

C.4 presents the proportion of nodes for which we fail to reject each of our aforementioned

null hypotheses, separately for nodes associated with generation units (“Gen Nodes”)

versus nodes not associated with generation units (“Non-Gen Nodes”). The results of

this table indicate that there are not marked differences across generation versus non-

39We construct L moving-block re-samples separately for the sample periods before versus after EVB.
For each re-sample b ∈ {1, 2, ..., L}, we estimate the contemporaneous covariance matrices associated
with day-ahead/real-time prices spreads in each sample period (i.e.: Λ̂pre

b and Λ̂post
b ). This allows us

to compute Λ̂diff
b ≡ Λ̂pre

b − Λ̂post
b as well as the 24 eigenvalues associated with Λ̂diff

b . We denote the 24

× 1 vector of these eigenvalues Ω̂b. Finally, our estimate of the covariance matrix associated with Ω̂ is
1
L

∑L
b=1(Ω̂b − Ω̂)(Ω̂b − Ω̂)′, where Ω̂ is estimated from the observed sample.
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Table C.3: LAP-Level P-values for Volatility Tests

(1) (2)
Price Spread Real-Time Price

PG&E 0.284 0.516
Pre - Post SCE 0.509 0.697

SDG&E 0.476 0.647

PG&E 0.001 0.016
Post - Pre SCE 0.001 0.034

SDG&E 0.028 0.165

Notes: This table reports the p-values associated with our statistical test for reductions in volatility
before versus after the introduction of explicit virtual bidding (EVB). The first (second) column of
the top panel focuses on the null hypothesis that the volatility of day-ahead/real-time price spreads
(real-time prices) falls after EVB is introduced. The first (second) column of the bottom panel
considers the null hypothesis that the volatility of price spreads (real-time prices) is higher post-
EVB relative to pre-EVB. We perform these statistical tests using the load aggregation point (LAP)
level day-ahead and real-times prices faced by each of California’s three major electricity distribution
utilities: Pacific Gas and Electric (PG&E), Southern California Edison (SCE), and San Diego Gas
and Electric (SDG&E). To implement our test, we estimate the contemporaneous covariance matrix
associated with the 24 × 1 vector of price spreads as well as the covariance matrix associated with
the 24 × 1 vector of real-time prices separately for each LAP for the sample period before EVB
(4/1/2009-2/1/2011) and after EVB (2/1/2011-3/31/2012). We then test the null hypothesis that
the pre-EVB covariance matrix minus the post-EVB covariance matrix is positive semi-definite (top
panel) as well as the null hypothesis that the post-EVB covariance matrix minus the pre-EVB
covariance matrix is positive semi-definite (bottom panel).
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Table C.4: Proportion of Nodes for which we fail to reject the Volatility Test

(1) (2)
Price Spread Real-Time Price

Gen Node 0.736 0.751
Pre-Post Non-Gen Node 0.744 0.758

Overall 0.737 0.752

Gen Node 0.168 0.132
Post-Pre Non-Gen Node 0.156 0.104

Overall 0.166 0.128

Notes: This table reports the proportion of nodes (i.e.: pricing locations) for which we fail to reject
different null hypotheses regarding the volatility of day-ahead/real-time price spreads as well as the
volatility of real-time prices before versus after the introduction of explicit virtual bidding (EVB).
We report these proportions separately for nodes associated with generation units (“Gen Nodes”)
versus nodes not associated with generation units (“Non-Gen Nodes”). We also report the overall
proportions aggregated across all pricing locations (“Overall”). To implement our tests, we estimate
the contemporaneous covariance matrix associated with the 24 × 1 vector of hourly average price
spreads as well as the covariance matrix associated with the 24×1 vector of hourly average real-time
prices separately for each node for the sample period before EVB (4/1/2009-2/1/2011) and after
EVB (2/1/2011-3/31/2012). For both price spreads and real-time prices, we test the null hypothesis
that the pre-EVB covariance matrix minus the post-EVB covariance matrix is positive semi-definite
(top panel) as well as the null hypothesis that the post-EVB covariance matrix minus the pre-EVB
covariance matrix is positive semi-definite (bottom panel).

generation locations in the proportion of nodes for which we reject any specific null

hypothesis. Thus, focusing on the rows corresponding to overall proportions (“Overall”),

we fail to reject the null hypothesis that the volatility of price spreads is lower (higher)

after EVB for 74% (17%) of locations. Similarly, the proportion of nodes for which we

fail to reject the null hypothesis that the volatility of real-time prices is lower (higher)

after EVB is 0.752 (0.128).

Combined, our statistical evidence indicates that the volatility of day-ahead/real-time

price spreads fell after the introduction of explicit virtual bidding. This is consistent with

the intuition that allowing purely financial participation resulted in day-ahead market

outcomes that more closely resemble real-time market conditions. Appendix Tables C.3

and C.4 also provide statistical evidence that the volatility of real-time prices decreased

after EVB was introduced. This result runs counter to the claim that financial trading

increases the volatility of real-time market outcomes, placing undue stress on the physical

operating constraints underpinning electricity production and transmission.
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C.3 Test for First-Order Stochastic Dominance: Generation

versus Load-Withdrawal Nodes Before versus After EVB

This subsection describes our hypothesis test for whether the distribution of the number

of hours of the day with positive average day-ahead/real-time price spreads is higher

for locations associated with generation units (“Gen Nodes”) versus locations not as-

sociated with generation units (“Load-Withdrawal Nodes”). These hypothesis tests are

implemented using the methodology discussed in Schmid and Trede (1996). First, we

calculate the average day-ahead/real-time price spread Xn,h,s for each node n in each

hour-of-day h before versus after the introduction of explicit virtual bidding (EVB) on

February 1st 2011; s = 0 indexes the pre-EVB sample while s = 1 indexes the post-EVB

sample. We next calculate the number of hours-of-day with positive price spreads for

each node in each sample period:

NUMPOSn,s =
24∑
h=1

1[Xn,h,s > 0]

Finally, we calculate the empirical distribution function (EDF) and empirical probabil-

ity mass function of NUMPOSn,s separately for gen nodes (indexed “G”) versus load-

withdrawal nodes (indexed “L”) before versus after the introduction of EVB. Specifically,

denote:

F̂i,s(t) =
1

Ni,s

Ni,s∑
n=1

1[NUMPOSn,s ≤ t]

f̂i,s(t) =
1

Ni,s

Ni,s∑
n=1

1[NUMPOSn,s = t]

where Ni,s is the number of nodes of type i ∈ {G,L} in sample period s (either 4/1/2009-

1/31/2011 or 2/1/2011-3/31/2012). Note that t can potentially take on the integer values

between 0 and 24: for example, f̂i,s(t) measures the probability that the number of hours-

of-day with positive price spreads at location type i in sample period s is equal to t.

We test the null hypothesis that the EDF for load-withdrawal nodes first order

stochastic dominates the EDF for gen nodes. We do so separately for the pre-EVB

sample (i.e.: s = 0) and the post-EVB sample (i.e.: s = 0). Formally, the null hypothesis
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Table C.5: First Order Stochastic Dominance Tests: Test Statistics

Before EVB After EVB

H0 : FG(t) ≥ F L(t) 0.115 0.002
H0 : F L(t) ≥ FG(t) 0.795 0.855

Notes: We reject the null hypothesis at the 5% level (1% level) if the test statistic is greater than
0.48 (0.68). See Schmid and Trede (1996) for more details on the derivation of this test statistic.

Additional Notes: This table presents the test statistics associated with null hypotheses pertaining
to the first order stochastic dominance of the distribution function of the number of hours-of-day that
average day-ahead/real-time price spreads are positive. Specifically, the top row focuses on the null
hypothesis that the distribution for nodes associated with generation units (“Gen Nodes”) is first-
order stochastically dominated by the distribution for nodes not associated with generation units
(“Load-Withdrawal Nodes”) for all points where the probability mass function for load-withdrawal
nodes is positive. The bottom row focuses on the null hypothesis that the distribution function for
load-withdrawal nodes is first-order stochastic dominated by the distribution for generation nodes
for all points where the probability mass function for generation nodes is positive. The first row
presents test statistics calculated for the sample period before the introduction of EVB (3/1/2009-
1/31/2011) while the second row presents test statistics calculated for the sample period after EVB
is introduced (2/1/2011-3/31/2012).

for a given sample period s is:

H0 : FG,s(t) ≥ FL,s(t) for all t (6)

We also test the reverse hypothesis that the EDF for gen-nodes first-order stochastic

dominates the EDF for load-withdrawal nodes. This null hypothesis, for a given sample

period s, is:

H0 : FL,s(t) ≥ FG,s(t) for all t (7)

Schmid and Trede (1996) demonstrate that the test statistic associated with the null

hypothesis presented in Equation (6) is:√
NG,sNL,s

NG,s +NL,s

K∑
k=1

(F̂G,s(tk)− F̂L,s(t))
+f̂L,s(tk)

where (y)+ = max(0, y) and we evaluate at all points tk ∈ {t1, t2, ..., tK} such that

f̂L,s(tk) > 0. We reject the null hypothesis at the 5% level (1% level) if the test statistic

is greater than 0.48 (0.68). The test statistic for the null hypothesis presented in Equation

(7) is similar in form. Simply reverse “G” and “L” subscripts in the computation of test

statistic.
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Appendix Table C.5 presents the test statistics associated with testing the null hy-

potheses listed in Equations (6) and (7). The results presented in this table indicate

that we fail to reject the null hypothesis that the distribution for load-withdrawal nodes

first-order stochastic dominates the distribution for generation nodes for both the pre-

EVB and post-EVB sample periods. Moreover, we reject the null hypothesis that the

distribution for generation nodes first order stochastically dominates the distribution for

load-withdrawal nodes for both sample periods.

Combined, the results from Appendix Table C.5 suggest that negative average day-

ahead/real-time prices are more likely to occur at load-withdrawal nodes relative to

generation nodes. This is consistent with the intuition that load-serving entities exercise

market power to reduce the price they pay in the day-ahead market where they purchase

most of their energy, in exchange for higher prices in the real-time market where they

only purchase deviations from their day-ahead schedules.

C.4 Testing for Autocorrelation in Price Spreads

The methodology for measuring implicit trading costs discussed in Section 5 considers

trading strategies that vary only by hour of the day. Specifically, we do not allow our

hypothetical trader to update her strategy based on information from past days. We

justify this restriction on trading strategies in this subsection.

Traders submit virtual bids to buy (sell) one MWh of virtual electricity in the day-

ahead market at a given location for a given hour with the obligation to sell (buy) this

virtual electricity back in the real-time market at the same location for the same hour.

Traders simultaneously submit virtual bids corresponding to all 24 hours of the next day

to the day-ahead market. Trading strategies are thus based on the conditional expectation

of the 24 × 1 vector of realized day-ahead/real-time price spreads for each hour-of-the-

day. However, trading strategies in practice cannot be a function of information from

the prior day because the values of the 24 × 1 vector of hourly real-time prices for day

d − 1 are not known before virtual bids are submitted to the day-ahead market for day

d. Thus, restricting to trading strategies that condition only on hour-of-the-day is valid

if and only all of the autocorrelation matrices associated with the time series process

governing the daily vector of price spreads are zero excepting the autocorrelation matrix
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associated with the first lag.

We denote the τ th auto-covariance matrix associated with the 24 × 1 vector of price

spreads Γ(τ) = E[(Xt − µ)(Xt−τ − µ)′]. Consistent with our above discussion, we

expect Γ(1) to be non-zero but test whether Γ(τ) = 0 for all τ > 1. We thus formulate

a statistical test of the following null hypothesis:

H : Γ(2) = 0,Γ(3) = 0, ...,Γ(R) = 0

for a fixed value of R. Empirically, we set R = 10.

To implement this hypothesis test, we first define:

ξ ≡ [vec(Γ(2))′, vec(Γ(3))′, ..., vec(Γ(R))′]′

where the vec(.) operator takes each 24× 24 auto-covariance matrix and stacks it colum-

nwise to create a 576×1 vector. Therefore, ξ has 5,184 ( = 576×9) elements, all of which

must equal zero under the null hypothesis. We use the moving block bootstrap discussed

in Appendix Section C.2 to estimate the 5,184 × 5,184 covariance matrix associated

with ξ̂. Our Wald statistic TS = ξ̂′Σ̂−1
ξ,bootξ̂ is asymptotically chi-squared distributed with

576× (R− 1) degrees of freedom under the null hypothesis.

We first conduct this statistical test separately for each of three load aggregation

points (LAPs) both before and after EVB was introduced. We consider the LAP-level

price spreads faced by each of California’s three major investor-owned utilities: Pacific

Gas and Electric (PG&E), Southern California Edison (SCE), and San Diego Gas and

Electric (SDG&E). Appendix Table C.6 reports the resulting test statistics; the upper

α = 0.05 critical value for these test statistics is χ2
(5,184) = 5,352.6. We fail to reject the

null hypothesis that the second through tenth auto-covariance matrices are zero for all

three LAPs both before and after the introduction of EVB.

We also conduct these autocorrelation tests at the nodal level, reporting the results in

Appendix Table C.7. Prior to the introduction of EVB, we can reject the null hypothesis

of no second through tenth degree autocorrelation at approximately 70-75 percent of

nodes; these rejections occur less frequently at locations where electricity generation is

injected (i.e: “generation nodes”). This is consistent with the fact that, before EVB,

only suppliers could trade day-ahead/real-time price spreads and they could do so only
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Table C.6: Test Statistics for Autocorrelation (1 < L ≤ 10) in Daily Price Spreads

Before EVB After EVB

PG&E 2,862.2 2,767.0
SCE 2,789.2 2,842.6

SDG&E 3,082.1 2,700.7

Notes: This table presents chi-squared test statistics corresponding to the null hypothesis that the
second through tenth auto-covariance matrices associated with the 24× 1 vector of day-ahead/real-
time price spreads for each hour-of-the-day are zero; formally, we are testing the null hypothesis
that Γ(2) = Γ(3) = ... = Γ(10) = 0. We perform this test separately for each load aggregation point
(LAP) before versus after the introduction of explicit virtual bidding (EVB). We consider the LAP-
level price spreads faced by each of California’s three major investor-owned electricity distribution
utilities: Pacific Gas and Electric (PG&E), Southern California Edison (SCE), and San Diego Gas
and Electric (SDG&E). To implement this statistical test, we first estimate auto-covariance matrices
(Γ(2),Γ(3), ...,Γ(10)) and stack the elements columnwise. This results in a 5,184 = 242 × 9 element
vector. We use a moving block bootstrap procedure in order to estimate the covariance matrix
associated with this vector. The upper α = 0.05 critical value for these test statistics is χ2

(5,184) =
5,352.6.

by adjusting their physical bids at the locations corresponding to their generation units.

In contrast, after EVB is introduced, we reject the null hypothesis of no second

through tenth degree autocorrelation at only approximately 7-9% percent of both gen-

eration and non-generation nodes. This is consistent with the intuition that financial

traders can quickly take advantage of any systematic auto-correlation in price spreads

after EVB is introduced. Summarizing, the results from this subsection provide evidence

that traders cannot earn significantly more profits by conditioning on previous realiza-

tions of price spreads. This helps to justify our focus in Section 5 on trading strategies

that do not condition on past lags of price spreads.
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Table C.7: Proportion of Nodes for which we fail to reject the Autocorrelation Test

Before EVB After EVB

Non-Generation Nodes 0.299 0.912
Generation Nodes 0.265 0.932

Notes: This table presents the proportion of nodes (i.e.: pricing locations) for which we fail to reject
a size α = 0.05 test of the null hypothesis that the second through tenth auto-covariance matrices
of the 24× 1 vector of day-ahead/real-time price spreads for each hour-of-the-day are zero; formally,
we are testing the null hypothesis that Γ(2) = Γ(3) = ... = Γ(10) = 0. We perform this hypothesis
test separately for each node before and after the introduction of explicit virtual bidding (EVB).
To implement this test, we estimate auto-covariance matrices (Γ(2),Γ(3), ...,Γ(10)) and stack the
elements column-wise; this results in a 5,184 = 242 × 9 element vector. We use a moving block
bootstrap procedure in order to estimate the covariance matrix associated with this vector. The
upper α = 0.05 critical value for these test statistics is χ2

(5,184) = 5,352.6. Generation units inject

electricity at some locations in the transmission grid; these locations are called “generation nodes”.
The remaining locations are categorized as “non-generation” nodes. The number of generation nodes
(non-generation nodes) in the pre-EVB sample is 669 (4,031) and the number of generation nodes
(non-generation nodes) in the post-EVB sample is 673 (4,386).
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D Data Appendix: Benefits from EVB on High De-

mand Days

D.1 Calculating Input Heat from Engineering Estimates and

Output

We calculate the input heat energy associated with unit i producing quantity of electricity

Qi,t in hour-of-sample t as follows. First, we define unit i as starting in hour t if its

output in hour t-1 is zero and its output in hour t is greater than zero (i.e.: Qi,t−1 = 0

and Qi,t > 0). Let ES
i be the thermal energy required to start up unit i; electricity

generating firms are required to report this quantity to California’s Independent System

Operator (CAISO). Firms are also required to report a heat rate curve for each of their

thermal units to CAISO. This heat rate curve consists of up to 10 heat-rate/output steps,

allowing us to compute the quantity of thermal energy required to produce 1 MWh of

electricity (i.e.: the heat rate) for any level of output. Formally, for each unit i, we know

the heat rate HRk
i relevant for each of k = 1, 2, ..., 10 intervals of output [Q

k−1

i , Q
k

i ].
40

Combined, the thermal energy required to produce output Qi,t is:

Ei,t =
10∑
k=1

HRk
i (Qi,t −

k−1∑
j=0

Q
j

i )
+

︸ ︷︷ ︸
Fuel Used for Production

+ES
i 1[Qi,t > 0]1[Qi,t−1 = 0]︸ ︷︷ ︸

Start-Up Fuel

where the notation y+ ≡ y × 1[y > 0].

D.2 Data Construction: CEMS

As a robustness check, we estimate the difference-in-difference specifications discussed in

Section 7 using the Continuous Emissions Monitoring Systems (CEMS) database admin-

istered by the United States Environmental Protection Agency (USEPA). These data

are publicly available from the USEPA’s website.41 CEMS provides us with the hourly

quantity of output electricity produced by each fossil-fired unit with capacity greater

40By convention, Q
0

i is equal to zero and Q
10

i is equal to the unit’s capacity.
41The data can be downloaded from ftp://newftp.epa.gov/DMDnLoad/emissions/hourly/monthly/.
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than 25MW in each hour-of-sample. CEMS also lists the input heat energy used by each

unit in each hour. For this analysis, we only consider electricity generation units located

in California.

We impose further sample restrictions based on plant-level characteristics from 2009,

2010, and 2012 from the eGRID database provided by the USEPA. We construct two

variables from these data: (1) an indicator that’s equal to one if and only if the plant

lists natural gas as its primary fuel in 2009, 2010, or 2012, and (2) an indicator that’s

equal to one if and only if the plant lists CAISO as its balancing authority in 2009, 2010,

or 2012. We merge primary fuel type and balancing authority from eGrid with CEMS

by plant code (i.e. “orispl code”). Only plants listing natural gas as their primary fuel

in at least one of the three years are kept for the analysis. We also drop plants that do

not list CAISO as their balancing authority in 2009, 2010 and 2012. The next subsection

discusses the coverage of CEMS with these sample restrictions relative to the hourly

unit-level data provided to us by CAISO.

Finally, we construct monthly average prices for natural gas supplied by Pacific Gas

and Electric (PG&E) and Southern California Gas (SCG) as discussed in Appendix

Section D.3. A plant in the CEMS data is assigned the natural gas price time series for

PG&E if the eGrid data lists PG&E as either the utility service territory associated with

the plant or the plant’s operator in 2009, 2010, or 2012. Similarly, the plant is assigned

the natural gas price series for SCG if either the utility service territory associated with

the plant or the plant’s operator is either Southern California Edison or San Diego Gas

and Electric in 2009, 2010, or 2012. All remaining plants are assigned the overall monthly

gas price averaged over all transactions with either PG&E or SCG as the supplier.

D.3 Data Construction: Natural Gas Prices

We calculate the monthly average natural gas price paid by power plants in California

using transaction-level data from the Energy Information Administration (EIA). Among

other variables, these data contain the month-of-transaction, supplier, fuel price, and

quantity sold. The natural gas prices paid by power plants owned by independent power

producers not subject to output price regulation are not made publicly available. For-

tunately, Cicala (2015) demonstrates that the natural gas prices paid by price-regulated
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plants are similar to those paid by market-based plants on average.

From these transaction-level data, we construct monthly average natural gas prices

for each of two suppliers: Pacific Gas and Electric (PG&E) and Southern California

Gas (SCG). The resulting monthly average gas prices are plotted in the top panel of

Appendix Figure D.1. We see from this figure that the two time series track each other

fairly well. Moreover, natural gas prices do not seem to respond to the introduction of

explicit virtual bidding (EVB) on February 1st 2011. This is unsurprising; it is unlikely

that a shock to local electricity demand such as the introduction of EVB transmits to

natural gas prices because natural gas is homogeneous and used for many purposes other

than electricity generation such as heating. Finally, the gas price series constructed from

the EIA data exhibit very similar trends over time as the monthly average gas prices paid

at the PG&E versus SCG citygates.42

For the CAISO data, the costs associated with the input fuel use of plants located in

the Pacific Gas and Electric service territory are calculated using the natural gas price

time series for PG&E. Similarly, the fuel costs of the plants located in the territories

served by Southern California Edison or San Diego Gas and Electric are calculated us-

ing gas price series constructed for SCG. CAISO provides us with the service territory

associated with each unit in its data.

As discussed in Appendix Section D.2, for the CEMS data, we use a combination

of the utility service territory and plant operator name to assign natural gas prices.

Specifically, we use the PG&E natural gas price series if either the utility service territory

or the plant operator name is listed as PG&E for 2009, 2010, or 2012. We use the

SCG natural gas price series if either the utility service territory or the plant operator

name is listed as SCE for 2009, 2010, or 2012. All remaining plants are assigned the

overall monthly gas price averaged over all transactions with either PG&E or SCG as

the supplier.

D.4 Coverage of CAISO versus CEMS Data

We estimate the difference-in-differences specifications discussed in Section 7 for two

different sources of data. The first data-set is hourly unit-level electricity output for

42We obtain daily data on the spot gas prices paid at the PG&E and SCG citygates from Bloomberg.
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Figure D.1: Monthly Average Natural Gas Prices: By Supplier
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Notes: This figure presents the monthly average natural gas prices relevant for Pacific Gas and
Electric (PG&E) versus Southern California Edison (SCE). The top panel plots the gas prices paid
by plants supplied by Pacific Gas and Electric (PGE) versus Southern California Edison (SCE).
Monthly average natural gas prices for each supplier are constructed using transaction-level data
for U.S. power plants from Form EIA-923 administered by the Energy Information Administration
(EIA). The bottom panel plots the monthly average gas prices paid at the PG&E versus SCG
citygates; we collect daily data on the spot gas prices paid at the PG&E and SCG citygates from
Bloomberg.
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Figure D.2: Monthly Total Gas-Fired Production: CAISO versus CEMS
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Notes: This figure plots the monthly total natural-gas-fired electricity production in CAISO’s
service territory for each of our two data sources. The first data source is hourly unit-level data on
output provided to us by California’s Independent System Operator (ISO). The second data source is
the Continuous Emissions Monitoring Systems (CEMS) database administered by the United States
Environmental Protection Agency. For the CEMS data, we subset to natural-gas-fired plants that
list CAISO as their balancing authority in the eGrid database for the years 2009, 2010, or 2012.
See Appendix Section D.2 for more details. Finally, the dashed vertical line corresponds to the
introduction of financial trading to California’s wholesale electricity market on February 1st 2011.

all types of units from CAISO. We subset to natural-gas-fired units for this analysis.

The second source of data is the Continuous Emissions Monitoring Systems (CEMS)

database provided by the USEPA. The CEMS database is publicly available; it lists

input heat and output electricity for all U.S. fossil-fuel-fired electricity generating units

with capacity greater than 25MW. After applying the sample restrictions discussed in the

previous subsection, the sum over units and hours-of-sample of the gas-fired electricity

production in the CEMS data over our 4/1/2009-3/31/2012 sample period is 184.8 TWhs.

This represents roughly 85 percent of the total gas-fired electricity production over the

same sample period reported in the data we received from CAISO.

Appendix Figure D.2 presents the monthly total gas-fired electricity production as

reported in the data-set provided by CAISO versus the CEMS database. This figure

documents that the CEMS data cover roughly 80-90 percent of the gas-fired production
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listed in the CAISO data regardless of the month-of-sample considered. Moreover, this

coverage doesn’t degrade over time or around the introduction of explicit virtual bidding

(EVB) on February 1st 2011. This is crucial given that our difference-in-differences

analysis compares outcomes in high versus low demand days before versus after February

1st 2011.

85



E Difference-in-Differences Robustness Checks

This Appendix section describes robustness checks pertaining to the difference-in-

differences results presented in Table 4.

E.1 Statistical Test of Common Trends Using First-Differences

The definition of “common pre-existing trends” is that the slope over time in outcomes

is the same across high versus low demand days. The “slope over time” is simply the

first difference in outcomes: Yt+1−Yt
(t+1)−t = Yt+1 − Yt. Thus, to formally test the “common

pre-existing trends” assumption, we estimate the following regression model using only

data from days-of-sample before the introduction of financial trading on February 1st

2011:

Yt − Yt−1 = (Xt −Xt−1)φ+ β0HIGHt + εt (8)

This specification controls the first differences in a host of factors Xt. The variables

included in Xt are the log of total electricity demand, the log of net electricity imports,

two separate controls for the logs of the natural gas prices paid at the PG&E and SCG

citygates, as well as separate controls for the log of total daily production from (1)

renewables, (2) nuclear sources, and (3) hydro sources.43 As before, HIGHt is an indicator

variable that’s equal to one if and only if system-wide demand in day-of-sample t is

greater than the 75th percentile of the distribution of daily demands across our 4/1/2009-

3/31/2012 sample period. Finally, we cluster standard errors by week-of-sample.

Appendix Table E.1 presents the results from estimating Equation (8). These results

indicate that, for all of our outcome variables, we cannot reject the null hypothesis that

the first difference of the outcome is the same in high versus low demand days prior to

February 1st 2011. This provides statistical evidence that the findings from our difference-

in-differences framework are not driven by pre-existing differences in the time trend of

our outcomes in high versus low demand days.

43We do not include month-of-sample fixed effects or the weekend-versus-weekday indicator because
these terms are eliminated when subtracting Yt−1 from Yt based on the specification in Equation (5). The
exceptions are days-of-sample that are: the first day in a month (for month-of-sample fixed effects) and
Saturdays or Mondays (for the weekend-versus-weekday indicator); the results presented in Appendix
Table E.1 remain similar if we include controls for the first of each month as well as Saturdays and
Mondays.
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Table E.1: Checking For Common Pre-Existing Trends Using First-Differences

(1) (2) (3) (4)

HIGHt 0.000 0.001 -0.025 -0.020
(0.002) (0.002) (0.023) (0.031)

R2 0.026 0.045 0.358 0.048
Mean of Dep. Var. 0.000 0.000 0.000 -0.000

Number of Obs. 669 669 669 669

Notes: The unit of observation for these regressions is day-of-sample. Standard errors are clustered
by week-of-sample and are reported in parentheses. The dependent variables considered in this table
are the first differences of: (1) the log of fuel costs per MWh, (2) the log of input energy per MWh,
(3) the log of the total number of times gas-fired units started up in the day-of-sample, and (4) the
log of ancillary service costs per MWh. The row titled “Mean of Dep. Var.” reports the mean of
the relevant dependent variable. All of the regressions listed in this table control the first differences
of: the log of total electricity demand, the log of total net electricity imports, the log of the natural
gas prices paid at the PG&E and SCG citygates as well as the log of total daily production from (1)
renewables, (2) nuclear sources, and (3) hydro sources.

Table Description: This table presents evidence that pre-existing differential trends in outcomes
across high versus low demand days are not driving the difference-in-differences results presented
in Table 4. Specifically, we estimate the specification documented in Equation (8) in Appendix
Section E.1. The data used for this table span the sample period 4/1/2009-1/31/2011, noting that
California introduced explicit virtual bidding (i.e.: financial trading) on February 1st 2011. The
indicator variable HIGHt is equal to one if and only if system-wide electricity demand in day t is
greater than the 75th percentile of the distribution of daily demands across our 4/1/2009-3/31/2012
sample period.
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E.2 Robustness to Percentage of Demand Used as the Cut-Off

In this subsection, we estimate the difference-in-differences regression specified in Equa-

tion (5) defining “high demand days” based on different cut-offs. Specifically, the top

panel of Appendix Table E.2 shows that our estimated effect of financial trading on av-

erage fuel costs per MWh in high demand days is statistically significant and similar in

magnitude if “high demand” is defined as days-of-sample above the 50th, 60th, 70th,

80th, or 90th percentiles of daily demand. The estimated effect of EVB on input heat

per MWh in high demand days relative to low demand days is also similar across these

different choices of cut-offs used to define high demand days. This demonstrates that our

results are not an artifact of choosing the 75th percentile of daily demand as the cut-off

in our primary specifications.

Focusing on the top panel, the estimated effects using the 50th, 60th, or 70th per-

centiles imply similar fuel cost savings. Specifically, these estimates indicate that the

introduction of EVB resulted in a reduction in fuel costs of roughly 25-31 million dol-

lars in high demand days. Similarly, the first three columns of the bottom panel indicate

that changes in fuel use per MWh due to EVB reduced CO2 emissions by 306,000-375,000

tons in high demand days. However, the estimates of the fuel cost savings and carbon

emissions reductions from EVB are far lower if we instead consider the 80th or 90th per-

centiles of demand. This is because we are applying a similarly sized effect to far fewer

days when considering the 80th or 90th percentiles of demand as the cut-off. For this

reason, we consider the 75th percentile of daily demand as the cut-off for our primary

specifications.

E.2.1 Analysis Using CEMS Data

In this subsection, we estimate Equation (5) using daily data on the logs of fuel cost per

MWh and input heat per MWh constructed from the Continuous Emissions Monitoring

Systems (CEMS) database administered by the United States Environmental Protection

Agency. We discuss the data construction process in Appendix Section D.2. As before,

this specification estimates the effect of EVB on outcomes in high versus low demand days

controlling for month-of-sample fixed effects, an indicator for weekend-versus-weekday,

the log of total electricity demand, the log of total electricity imports, two separate
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Table E.2: Diff-in-Diff Robustness Check: By Percentage of Demand

Dependent Variable: Log of Average Fuel Cost Per MWh

(1) (2) (3) (4) (5)

HIGHt × POSTEVBt -0.017∗∗∗ -0.023∗∗∗ -0.024∗∗∗ -0.020∗∗∗ -0.033∗∗∗

(0.004) (0.006) (0.007) (0.006) (0.007)

HIGHt -0.003 -0.005∗ 0.003 0.016∗∗∗ 0.045∗∗∗

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

Cut-Off Percentage 50 60 70 80 90
Fuel Cost Savings (million USD) 27.425 30.611 25.008 14.871 13.781

R2 0.970 0.971 0.970 0.970 0.973
Mean of Dep. Var. 3.728 3.728 3.728 3.728 3.728

Number of Obs. 1,095 1,095 1,095 1,095 1,095

Dependent Variable: Log of Average Input Heat Per MWh

(1) (2) (3) (4) (5)

HIGHt × POSTEVBt -0.018∗∗∗ -0.024∗∗∗ -0.025∗∗∗ -0.021∗∗∗ -0.032∗∗∗

(0.005) (0.006) (0.007) (0.007) (0.008)

HIGHt -0.002 -0.006∗ 0.003 0.017∗∗∗ 0.046∗∗∗

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

Cut-Off Percentage 50 60 70 80 90
CO2 Emissions Reductions (in Tons) 344,566 375,354 305,968 182,556 164,265

R2 0.737 0.740 0.735 0.735 0.757
Mean of Dep. Var. 2.079 2.079 2.079 2.079 2.079

Number of Obs. 1,095 1,095 1,095 1,095 1,095

Notes: Standard errors are clustered by week-of-sample and are reported in parentheses. The row
titled “Mean of Dep. Var.” reports the mean of the relevant dependent variable: log fuel costs per
MWh for the top panel and log input heat per MWh for the bottom panel. The row titled “Fuel
Cost Savings” reports the annual fuel cost savings in high demand days (in millions of U.S. dollars)
implied by the estimated effect of EVB on log fuel costs per MWh. The row titled “CO2 Emissions
Reductions” reports the reductions in carbon emissions in high demand days (in tons) implied by
the estimated effect of EVB on log thermal energy per MWh. The indicator variable HIGHt is equal
to one if and only if system-wide electricity demand in day t is greater than the Xth percentile of
the distribution of daily demand across our 4/1/2009-3/31/2012 sample period; X is equal to the
50th, 60th, 70th, 80th, or 90th percentile depending on whether we’re considering the specification
estimated in Columns 1, 2, 3, 4, or 5 respectively.

Additional Notes: This table presents the difference-in-differences results pertaining to the effect
of explicit virtual bidding on fuel costs per MWh and input heat energy per MWh in high demand
days relative to low demand days. The unit of observation for these regressions is day-of-sample.
The data used for this table span the sample period 4/1/2009-3/31/2012. California introduced
explicit virtual bidding (EVB) on February 1st 2011; the “Post EVB” indicator is thus equal to one
if and only if the day-of-sample is on or after February 1st 2011. All of the regressions listed in
this table control for month-of-sample fixed effects, an indicator for whether the day-of-sample is a
weekday versus weekend, the log of total electricity demand, the log of total electricity imports, two
separate controls for the logs of the natural gas prices paid at the PG&E and SCG citygates as well
as separate controls for the log of total daily production from (1) renewables, (2) nuclear sources,
and (3) hydro sources.
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controls for the logs of the natural gas prices paid at the PG&E and SCG citygates as

well as separate controls for the log of total daily production from (1) renewables, (2)

nuclear sources, and (3) hydro sources. Standard errors are clustered by week-of-sample.

The results are presented in Appendix Table E.3. For either panel of this table, “high

demand days” are defined as days-of-sample above the 50th, 60th, 70th, 80th, or 90th

percentiles of daily demand for the specification estimated in Columns 1, 2, 3, 4, or 5

respectively. The results from the top panel of this table indicate that the estimated effect

of EVB on log fuel costs per MWh is statistically significant and similar in magnitude

regardless of which cut-off is used to define high demand days. The estimated effects for

log input heat per MWh are also similar across cut-offs.

However, comparing the first three columns of Appendix Tables E.2 and E.3, we see

that the effects estimated using the CEMS data for the 50th, 60th, and 70th percentiles

of demand are roughly 1.5-2 times larger than the corresponding effects estimated using

the CAISO data. The resulting annual fuel cost savings and reductions in carbon dioxide

emissions due to EVB are thus also 1.5-2 times larger when using the CEMS data rather

than the data from CAISO. The estimates from our primary specification based on the

CAISO data are thus conservative relative to the estimates based on the CEMS data.

E.3 Additional Robustness Checks

This subsection considers additional sensitivity analyses pertaining to the difference-

in-differences results presented in Table 4. First, Appendix Table E.4 shows that our

empirical results remain similar if we estimate Equation (5) from Section 7.2 dropping the

28 days before and after the introduction of explicit virtual bidding (EVB) on February

1st 2011. Our findings are thus unlikely to be driven by short-run adjustments to this

policy change.

Next, Appendix Table E.5 presents estimates from our primary specification along

with standard errors calculated using the Newey-West formula accounting for 7 days (i.e.:

one week) of autocorrelation in the outcome variables (Newey and West, 1987). The

estimated effects of EVB on outcomes remain statistically significant with the exception

of the estimated impact of EVB on the log of ancillary service costs per MWh. Even in

this case, the coefficient estimate is negative, suggesting that allowing purely financial
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Table E.3: Diff-in-Diff Estimated using the CEMS Data: By Percentage of Demand

Dependent Variable: Log of Average Fuel Cost Per MWh

(1) (2) (3) (4) (5)

HIGHt × POSTEVBt -0.031∗∗∗ -0.045∗∗∗ -0.040∗∗∗ -0.024∗∗ -0.035∗∗∗

(0.010) (0.014) (0.015) (0.011) (0.010)

HIGHt 0.002 -0.000 0.007 0.023∗∗∗ 0.052∗∗∗

(0.004) (0.004) (0.006) (0.007) (0.007)

Cut-Off Percentage 50 60 70 80 90
Fuel Cost Savings (million USD) 42.976 52.210 36.141 15.807 13.127

R2 0.956 0.957 0.955 0.955 0.958
Mean of Dep. Var. 3.704 3.704 3.704 3.704 3.704

Number of Obs. 1,095 1,095 1,095 1,095 1,095

Dependent Variable: Log of Average Input Heat Per MWh

(1) (2) (3) (4) (5)

HIGHt × POSTEVBt -0.032∗∗∗ -0.046∗∗∗ -0.040∗∗ -0.022∗∗ -0.032∗∗∗

(0.011) (0.015) (0.015) (0.011) (0.011)

HIGHt 0.002 0.000 0.007 0.023∗∗∗ 0.051∗∗∗

(0.004) (0.005) (0.006) (0.007) (0.007)

Cut-Off Percentage 50 60 70 80 90
CO2 Emissions Reductions (in Tons) 512,213 617,661 416,983 165,904 143,903

R2 0.708 0.715 0.705 0.702 0.722
Mean of Dep. Var. 2.049 2.049 2.049 2.049 2.049

Number of Obs. 1,095 1,095 1,095 1,095 1,095

Notes: Standard errors are clustered by week-of-sample and are reported in parentheses. The row
titled “Mean of Dep. Var.” reports the mean of the relevant dependent variable: log fuel costs per
MWh for the top panel and log input heat per MWh for the bottom panel. The row titled “Fuel
Cost Savings” reports the annual fuel cost savings in high demand days (in millions of U.S. dollars)
implied by the estimated effect of EVB on log fuel costs per MWh. The row titled “CO2 Emissions
Reductions” reports the reductions in carbon emissions in high demand days (in tons) implied by
the estimated effect of EVB on log thermal energy per MWh. The indicator variable HIGHt is
equal to one if and only if system-wide electricity demand in day t is greater than Xth percentile
of the distribution of daily demand across our 4/1/2009-3/31/2012 sample period; X is equal to the
50th, 60th, 70th, 80th, or 90th percentile depending on whether we’re considering the specification
estimated in Columns 1, 2, 3, 4, or 5 respectively.

Additional Notes: This table presents the difference-in-differences results pertaining to the effect
of explicit virtual bidding (i.e.: financial trading) on fuel costs per MWh and input heat energy per
MWh in high demand days relative to low demand days. In contrast with Appendix Table E.2, we
construct log fuel costs per MWh and log input heat per MWh using data from the Continuous
Emissions Monitoring Systems (CEMS) database administered by the United States Environmental
Protection Agency. The unit of observation for these regressions is day-of-sample. The data used
for this table span the sample period 4/1/2009-3/31/2012. California introduced explicit virtual
bidding (EVB) on February 1st 2011; the “Post EVB” indicator is thus equal to one if and only if
the day-of-sample is on or after February 1st 2011. All of the regressions listed in this table control
for month-of-sample fixed effects, an indicator for whether the day-of-sample is a weekday versus
weekend, the log of total electricity demand, the log of total electricity imports, two separate controls
for the logs of the natural gas prices paid at the PG&E and SCG citygates as well as separate controls
for the log of total daily production from (1) renewables, (2) nuclear sources, and (3) hydro sources.
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Table E.4: Diff-in-Diff: Excluding the 28 Days Before and After February 1st 2011

(1) (2) (3) (4)

HIGHt × POSTEVBt -0.028∗∗∗ -0.029∗∗∗ -0.182∗∗∗ -0.062
(0.007) (0.007) (0.063) (0.086)

HIGHt 0.010∗∗∗ 0.010∗∗ 0.054 -0.073
(0.004) (0.004) (0.044) (0.046)

R2 0.970 0.738 0.552 0.854
Mean of Dep. Var. 3.725 2.078 3.722 0.172

Number of Obs. 1,038 1,038 1,038 1,038

Notes: The unit of observation for these regressions is day-of-sample. Standard errors are clustered
by week-of-sample and are reported in parentheses. The dependent variables considered in this table
are: (1) the log of fuel costs per MWh, (2) the log of input energy per MWh, (3) the log of the total
number of times gas-fired units started up in the day-of-sample, and (4) the log of ancillary service
costs per MWh. The row titled “Mean of Dep. Var.” reports the mean of the dependent variable.
All of the regressions listed in this table control for month-of-sample fixed effects, an indicator for
whether the day-of-sample is a weekday versus weekend, the log of total electricity demand, the log
of total electricity imports, two separate controls for the logs of the natural gas prices paid at the
PG&E and SCG citygates as well as separate controls for the log of total daily production from (1)
renewables, (2) nuclear sources, and (3) hydro sources.

Table Description: This table presents the difference-in-differences results pertaining to the effect
of explicit virtual bidding (i.e.: financial trading) on market outcomes in high demand days relative
to low demand days. The data used for this table span the sample period 4/1/2009-3/31/2012; in
contrast with Table 4, we estimate Equation (5) removing the 28 days before and after February
1st 2011. This is because California introduced explicit virtual bidding (EVB) on February 1st
2011; the “Post EVB” indicator is thus equal to one if and only if the day-of-sample is on or after
February 1st 2011. The indicator variable HIGHt is equal to one if and only if system-wide electricity
demand in day t is greater than the 75th percentile of the distribution of daily demands across our
4/1/2009-3/31/2012 sample period.
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Table E.5: Diff-in-Diff Robustness Check: Accounting for 7 Days of Autocorrelation

(1) (2) (3) (4)

HIGHt × POSTEVBt -0.027∗∗∗ -0.028∗∗∗ -0.179∗∗ -0.064
(0.009) (0.010) (0.082) (0.122)

HIGHt 0.011∗∗ 0.011∗∗ 0.058 -0.077
(0.005) (0.005) (0.055) (0.057)

R2 0.970 0.736 0.545 0.848
Mean of Dep. Var. 3.728 2.079 3.726 0.170

Number of Obs. 1,095 1,095 1,095 1,095

Notes: The unit of observation for these regressions is day-of-sample. Standard errors are calculated
using the Newey-West estimator accounting for 7 days (i.e.: one week) of autocorrelation and are
reported in parentheses (Newey and West, 1987). The dependent variables considered in this table
are: (1) the log of fuel costs per MWh, (2) the log of input energy per MWh, (3) the log of the total
number of times gas-fired units started up in the day-of-sample, and (4) the log of ancillary service
costs per MWh. The row titled “Mean of Dep. Var.” reports the mean of the dependent variable.
All of the regressions listed in this table control for month-of-sample fixed effects, an indicator for
whether the day-of-sample is a weekday versus weekend, the log of total electricity demand, the log
of total electricity imports, two separate controls for the logs of the natural gas prices paid at the
PG&E and SCG citygates as well as separate controls for the log of total daily production from (1)
renewables, (2) nuclear sources, and (3) hydro sources.

Table Description: This table presents the difference-in-differences results pertaining to the effect
of explicit virtual bidding (i.e.: financial trading) on market outcomes in high demand days relative
to low demand days. The data used for this table span the sample period 4/1/2009-3/31/2012.
California introduced explicit virtual bidding (EVB) on February 1st 2011; the “Post EVB” indicator
is thus equal to one if and only if the day-of-sample is on or after February 1st 2011. The indicator
variable HIGHt is equal to one if and only if system-wide electricity demand in day t is greater
than the 75th percentile of the distribution of daily demands across our 4/1/2009-3/31/2012 sample
period.

participation lowered ancillary service costs per MWh in high demand days. Combined,

the results presented in Appendix Table E.5 indicate that financial trading reduces fuel

costs per MWh and input fuel per MWh in high demand days relative to low demand days

without exacerbating physical operating constraints such as generation unit start-ups or

the need for ancillary services.

Appendix Table E.6 presents the results from estimating Equation (5) using only data

from the 6 months before and after February 2011. The empirical results are quantita-

tively very similar to our primary findings from Table 4. The estimates from our primary

specification are thus unlikely to be driven by longer-run changes over time in unrelated

economic factors such as natural gas prices or investment in renewables. Focusing on the

6 months around February 2011 also has the benefit of excluding the closing of the San

Onofre nuclear plant in February 2012 (Davis and Hausman, 2016).
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Table E.6: Diff-in-Diff Robustness Check: 6 Months Around February 2011

(1) (2) (3) (4)

HIGHt × POSTEVBt -0.051∗∗∗ -0.053∗∗∗ -0.330∗∗∗ -0.494∗∗∗

(0.008) (0.008) (0.081) (0.103)

HIGHt 0.036∗∗∗ 0.037∗∗∗ 0.133∗ 0.297∗∗∗

(0.006) (0.007) (0.069) (0.075)

R2 0.954 0.788 0.529 0.885
Mean of Dep. Var. 3.768 2.096 3.797 0.525

Number of Obs. 396 396 396 396

Notes: The unit of observation for these regressions is day-of-sample. Standard errors are clustered
by week-of-sample and are reported in parentheses. The dependent variables considered in this table
are: (1) the log of fuel costs per MWh, (2) the log of input energy per MWh, (3) the log of the total
number of times gas-fired units started up in the day-of-sample, and (4) the log of ancillary service
costs per MWh. The row titled “Mean of Dep. Var.” reports the mean of the dependent variable.
All of the regressions listed in this table control for month-of-sample fixed effects, an indicator for
whether the day-of-sample is a weekday versus weekend, the log of total electricity demand, the log
of total electricity imports, two separate controls for the logs of the natural gas prices paid at the
PG&E and SCG citygates as well as separate controls for the log of total daily production from (1)
renewables, (2) nuclear sources, and (3) hydro sources.

Table Description: This table presents the difference-in-differences results pertaining to the effect
of explicit virtual bidding (i.e.: financial trading) on market outcomes in high demand days relative
to low demand days. In contrast with Table 4, the data used for this table span the sample period
8/1/2010-8/31/2011 (i.e.: the 6 months before and after February 2011). California introduced
explicit virtual bidding (EVB) on February 1st 2011; the “Post EVB” indicator is thus equal to one
if and only if the day-of-sample is on or after February 1st 2011. The indicator variable HIGHt is
equal to one if and only if system-wide electricity demand in day t is greater than the 75th percentile
of the distribution of daily demands across our 4/1/2009-3/31/2012 sample period.
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Table E.7: Diff-in-Diff Robustness Check: Trimming the Top and Bottom 1% of
Observations

(1) (2) (3) (4)

HIGHt × POSTEVBt -0.027∗∗∗ -0.027∗∗∗ -0.156∗∗ -0.058
(0.007) (0.007) (0.061) (0.084)

HIGHt 0.010∗∗∗ 0.009∗∗ 0.071∗ -0.079∗

(0.004) (0.004) (0.041) (0.045)

R2 0.970 0.739 0.523 0.842
Mean of Dep. Var. 3.728 2.078 3.730 0.161

Number of Obs. 1,075 1,074 1,077 1,075

Notes: The unit of observation for these regressions is day-of-sample. Before running these regres-
sions, we trim observations corresponding to the top 1% and bottom 1% of the distribution of the
outcome variable. The dependent variables considered in this table are: (1) the log of fuel costs per
MWh, (2) the log of input energy per MWh, (3) the log of the total number of times gas-fired units
started up in the day-of-sample, and (4) the log of ancillary service costs per MWh. The row titled
“Mean of Dep. Var.” reports the mean of the dependent variable. All of the regressions listed in
this table control for month-of-sample fixed effects, an indicator for whether the day-of-sample is a
weekday versus weekend, the log of total electricity demand, the log of total electricity imports, two
separate controls for the logs of the natural gas prices paid at the PG&E and SCG citygates as well
as separate controls for the log of total daily production from (1) renewables, (2) nuclear sources,
and (3) hydro sources.

Table Description: This table presents the difference-in-differences results pertaining to the effect
of explicit virtual bidding (i.e.: financial trading) on market outcomes in high demand days relative
to low demand days. The data used for this table span the sample period 4/1/2009-3/31/2012.
California introduced explicit virtual bidding (EVB) on February 1st 2011; the “Post EVB” indicator
is thus equal to one if and only if the day-of-sample is on or after February 1st 2011. The indicator
variable HIGHt is equal to one if and only if system-wide electricity demand in day t is greater
than the 75th percentile of the distribution of daily demands across our 4/1/2009-3/31/2012 sample
period.
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Table E.8: Diff-in-Diff Robustness Check: Hourly Regressions

(1) (2) (3) (4)

HIGHt × POSTEVBt -0.020∗∗∗ -0.020∗∗ -0.060∗∗∗ -0.042
(0.007) (0.008) (0.022) (0.076)

HIGHt 0.024∗∗∗ 0.025∗∗∗ 0.001 -0.216∗∗∗

(0.003) (0.004) (0.014) (0.038)

R2 0.834 0.365 0.130 0.608
Mean of Dep. Var. 3.731 2.082 0.682 0.014

Number of Obs. 26,277 26,277 26,277 26,276

Notes: The unit of observation for these regressions is hour-of-sample. Standard errors are clustered
by week-of-sample and are reported in parentheses. The dependent variables considered in this table
are: (1) the log of fuel costs per MWh, (2) the log of input energy per MWh, (3) an indicator variable
that’s equal to one if and only if at least one fossil-fuel-fired unit started up, and (4) the log of ancillary
service costs per MWh. The row titled “Mean of Dep. Var.” reports the mean of the dependent
variable. All of the regressions listed in this table control for month-of-sample fixed effects, hour-of-
day fixed effects, an indicator for whether the day-of-sample is a weekday versus weekend, the log
of total electricity demand, the log of total electricity imports, two separate controls for the logs of
the natural gas prices paid at the PG&E and SCG citygates as well as separate controls for the log
of total hourly production from (1) renewables, (2) nuclear sources, and (3) hydro sources.

Table Description: This table presents the difference-in-differences results pertaining to the effect
of explicit virtual bidding (i.e.: financial trading) on market outcomes in high demand days relative
to low demand days. The data used for this table span the sample period 4/1/2009-3/31/2012.
California introduced explicit virtual bidding (EVB) on February 1st 2011; the “Post EVB” indicator
is thus equal to one if and only if the day-of-sample is on or after February 1st 2011. The indicator
variable HIGHt is equal to one if and only if system-wide electricity demand in day-of-sample t
is greater than the 75th percentile of the distribution of daily total demand across our 4/1/2009-
3/31/2012 sample period.

Next, Han et al. (2018) raises the concern that difference-in-differences can be sen-

sitive to high-leverage observations. To address this concern, we show that the results

remain similar if we run our regressions excluding observations corresponding to the top

1% and the bottom 1% of the distribution of the relevant outcome variable.

Finally, Appendix Table E.8 reports the results from estimating our difference-in-

differences specification at the hourly-level rather than the daily-level. Specifically, we

estimate the effect of EVB on hourly market outcomes in high versus low demand days

controlling for month-of-sample fixed effects, an indicator for weekend versus weekday,

hour-of-the-day fixed effects and the following sets of controls: the log of total hourly

electricity demand, the log of total hourly electricity imports, two separate controls for

the logs of the daily natural gas prices paid at the PG&E and SCG citygates as well as

separate controls for the log of total hourly production from (1) renewables, (2) nuclear
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sources, and (3) hydro sources. As before, standard errors are clustered by week-of-

sample.

Appendix Table E.8 demonstrates that the results are similar when estimated at the

hourly level rather than daily level. Specifically, we find a roughly 2.5-3 percent reduction

in fuel costs per MWh and input heat per MWh in high demand days relative to low

demand days due to EVB. Moreover, financial trading does not seem to increase either

the incidence of generation unit start-ups or ancillary service costs per MWh in high

demand days relative to low demand days. The conclusions drawn from Appendix Table

E.8 thus remains the same: financial participation lowers the cost of electricity provision

during high demand days when the system is relatively stressed without placing excess

burden on the physical constraints inherent to electricity production and transmission.

E.4 Difference-in-Differences Using Daily Number of Starts

This subsection compares market outcomes before versus after EVB on days with more

versus less start-ups by gas-fired units. To see the intuition behind this empirical ap-

proach, consider the following example. Suppose that a generation unit must start up

at some point during the day in order to satisfy the maximum level of hourly electricity

demand across the 24 hours of the day (i.e.: “peak demand”). Suppose further that the

unit’s owner has better day-ahead information regarding when real-time demand will be

the highest or the level of this peak demand as a consequence of purely financial par-

ticipation. Based on this information, the supplier may be able to commit a unit with

lower marginal costs but higher start-up times to produce during the peak hours of the

day rather than a higher marginal cost unit that can start up more quickly.

We estimate the following specification in order to quantify how outcomes change

before versus after EVB on days with more versus less starts:

Yt = αm + θw +Xtφ+ β0HIGHt + δDD(HIGHt × POSTEVBt) + ut (9)

where t indexes day-of-sample. As before, we include month-of-sample fixed effects (αm)

and an indicator for whether the day-of-sample is a weekday versus weekend (θw). This

specification also controls for a host of factors Xt: the log of total electricity demand,

the log of net electricity imports, two separate controls for the logs of the natural gas
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Table E.9: Diff-in-Diff: High vs. Low Daily Starts Before vs. After EVB

(1) (2) (3)

HIGHt × POSTEVBt -0.016∗∗∗ -0.017∗∗∗ -0.191∗∗∗

(0.004) (0.004) (0.048)

HIGHt 0.021∗∗∗ 0.022∗∗∗ 0.154∗∗∗

(0.003) (0.003) (0.035)

R2 0.971 0.746 0.851
Mean of Dep. Var. 3.728 2.079 0.170

Number of Obs. 1,095 1,095 1,095

Notes: The unit of observation for these regressions is day-of-sample. Standard errors are clustered
by week-of-sample and are reported in parentheses. The dependent variables considered in this
table are: (1) the log of fuel costs per MWh, (2) the log of input energy per MWh, and (3) the
log of ancillary service costs per MWh. The row titled “Mean of Dep. Var.” reports the mean
of the dependent variable. All of the regressions listed in this table control for month-of-sample
fixed effects, an indicator for whether the day-of-sample is a weekday versus weekend, the log of
total electricity demand, the log of total electricity imports, two separate controls for the logs of the
natural gas prices paid at the PG&E and SCG citygates as well as separate controls for the log of
total daily production from (1) renewables, (2) nuclear sources, and (3) hydro sources.

Table Description: This table presents the difference-in-differences results pertaining to the effect
of explicit virtual bidding (i.e.: financial trading) on market outcomes in days with more versus
less start-ups by gas-fired units. The data used for this table span the sample period 4/1/2009-
3/31/2012. California introduced explicit virtual bidding (EVB) on February 1st 2011; the “Post
EVB” indicator is thus equal to one if and only if the day-of-sample is on or after February 1st 2011.
The indicator variable HIGHt is equal to one for days-of-sample in which the number of instances
that electricity generating units started up is greater than the 75th percentile of the distribution of
daily total number of starts across our 4/1/2009-3/31/2012 sample period.

prices paid at the PG&E and SCG citygates, as well as separate controls for the log of

total daily production from (1) renewables, (2) nuclear sources, and (3) hydro sources.

The indicator variable HIGHt is equal to one if and only if the total number of times

that gas-fired units started up in day-of-sample t is larger than the 75th percentile of the

distribution of daily total number of starts. The indicator variable POSTEVBt is equal

to one if and only if day t is on or after February 1st 2011. Finally, standard errors are

clustered by week-of-sample.

Appendix Table E.9 presents the results from estimating Equation (9). Column 1

of this table indicates that average fuel costs per MWh fell after EVB on days with a

large number of starts relative to days with a small number of starts. This reduction is

consistent with the hypothesis that peak demand is more likely to be met by low-cost,

long-start units rather than high cost, quick-start units as a consequence of the day-ahead

information on real-time conditions provided by purely financial participation.
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The results for the other outcomes tell a similar story. Specifically, Columns 2 and

3 document reductions in average heat energy per MWh and ancillary service costs per

MWh after EVB on days with a relatively large number of starts. This suggests that

the costs associated with balancing supply and demand at every instant (i.e.: ancillary

service costs) are lower in “high start” days as a consequence of financial participation.

Finally, Appendix Table E.10 demonstrates that our estimates remain similar when

considering days-of-sample with total number of starts above the 50th, 60th, 70th, 80th,

or 90th percentiles of the distribution of daily total starts rather than 75th percentile.

For example, the estimated reduction in average fuel costs per MWh on days with a

relatively large number of starts due to EVB is roughly 1-2 percent across specifications.

This magnitude is a bit smaller than the corresponding effect for high demand days

estimated in Table 4. This is intuitive: financial participation likely reduces production

costs in high demand days through channels other than changes in which units start up.

For example, the information provided by financial traders may help market operators

better manage transmission congestion, allowing the electricity produced by lower-cost

units to be transmitted to satisfy demand at potentially distant locations.

99



Table E.10: Diff-in-Diff Robustness Check: By Percentage of Daily Starts

Log of Fuel Cost Per MWh
(1) (2) (3) (4) (5)

HIGHt × POSTEVBt -0.012∗∗∗ -0.023∗∗∗ -0.024∗∗∗ -0.020∗∗∗ -0.019∗∗∗

(0.004) (0.006) (0.007) (0.006) (0.007)

HIGHt 0.015∗∗∗ -0.005∗ 0.003 0.016∗∗∗ 0.029∗∗∗

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

Cut-Off Percentage 50 60 70 80 90
R2 0.740 0.971 0.970 0.970 0.745

Mean of Dep. Var. 2.079 3.728 3.728 3.728 2.079
Number of Obs. 1,095 1,095 1,095 1,095 1,095

Log of Input Heat Per MWh
(1) (2) (3) (4) (5)

HIGHt × POSTEVBt -0.018∗∗∗ -0.024∗∗∗ -0.025∗∗∗ -0.021∗∗∗ -0.032∗∗∗

(0.005) (0.006) (0.007) (0.007) (0.008)

HIGHt -0.002 -0.006∗ 0.003 0.017∗∗∗ 0.046∗∗∗

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

Cut-Off Percentage 50 60 70 80 90
R2 0.737 0.740 0.735 0.735 0.757

Mean of Dep. Var. 2.079 2.079 2.079 2.079 2.079
Number of Obs. 1,095 1,095 1,095 1,095 1,095

Notes: The unit of observation for these regressions is day-of-sample. Standard errors are clustered
by week-of-sample and are reported in parentheses. The row titled “Mean of Dep. Var.” reports the
mean of relevant dependent variable: log fuel costs per MWh in the top panel and log input heat
per MWh in the bottom panel. All of the regressions listed in this table control for month-of-sample
fixed effects, an indicator for whether the day-of-sample is a weekday versus weekend, the log of
total electricity demand, the log of total electricity imports, two separate controls for the logs of the
natural gas prices paid at the PG&E and SCG citygates as well as separate controls for the log of
total daily production from (1) renewables, (2) nuclear sources, and (3) hydro sources.

Table Description: This table presents the difference-in-differences results pertaining to the effect
of explicit virtual bidding (i.e.: financial trading) on fuel costs per MWh and input heat per MWh in
days with more versus less start-ups by gas-fired units. The data used for this table span the sample
period 4/1/2009-3/31/2012. California introduced explicit virtual bidding (EVB) on February 1st
2011; the “Post EVB” indicator is thus equal to one if and only if the day-of-sample is on or
after February 1st 2011. The indicator variable HIGHt is equal to one for days-of-sample in which
the number of instances that gas-fired units started up is greater than the Xth percentile of the
distribution of daily total number of starts across our 4/1/2009-3/31/2012 sample period; X is
equal to the 50th, 60th, 70th, 80th, or 90th percentile depending on whether we’re considering the
specification estimated in Columns 1, 2, 3, 4, or 5 respectively.
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