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Abstract 

Deregulated electricity markets in the U.S. and elsewhere exhibit volatile spot 

market prices, chiefly because of the non-storable nature of electricity and the need to 

balance system demand and supply in real time.  This paper investigates the 

market-price convergence effect of virtual bidding (VB) that enables financial 

settlement in California’s electricity markets with large-scale wind generation. This 

investigation is timely, relevant and important, as VB is also used by other major 

independent system operators in the U.S., including New England, New York, PJM, 

and Texas.  Using a large data sample of over 32,000 hourly observations in the 

period of 04/20/2010 – 12/31/2013, it finds VB has reduced California’s day-ahead 

hourly forward premiums’ volatility. Moreover, rising wind generation has altered the 

premium level and volatility.  These findings suggest VB has improved market-price 

convergence in California’s day-ahead and real-time markets; this is notwithstanding 

wind generation’s effect on California’s electricity market prices.  
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1. Introduction 

A growing body of research examines the relationship between spot market 

prices and forward/futures prices in electricity markets which have been restructured 

to foster competition at the wholesale generation level.
1
 This topic is of considerable 

interest, given the importance of electricity in modern economies and the unique 

attributes of this commodity.  The high costs and technical difficulties inherent in 

storing electricity render real-time electricity market prices unusually volatile and 

sensitive to real-time power plant outages, unanticipated weather events, 

unanticipated changes in demand, and other factors (e.g., randomly available solar 

and wind generation) that affect the real-time balance between supply and demand. 

Day-ahead markets and other forward/futures markets enable market 

participants to manage market price risks, while introducing new opportunities for 

trading and risk allocation to electricity resellers (e.g., local distribution companies 

and retail service providers), power generators, and financial market participants.  

The success of forward/futures markets is essential for the overall success of efforts to 

restructure electricity markets.  For example, Kalantzis and Milonas (2013) report 

that electricity futures trading has reduced spot market price volatility in France and 

Germany. 

In contrast to Keynes’ (1930) conjecture that a futures contract’s forward 
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premium (= futures price – spot price) should generally be negative, many studies 

report positive forward premiums.  To wit, Shawky et al. (2003) document positive 

premiums for electricity futures traded on the New York Mercantile Exchange for 

delivery at the California-Oregon Border.  Positive premiums are also reported by 

Botterud et al. (2010) for the Nordic market, although Lucia and Torró (2011) note 

that while this market’s average premium is positive, premiums vary seasonally and 

are negligible in the summer.  Herráiz and Monroy (2009) find positive premiums 

for the Iberian power market.  Furió and Meneu (2010) find periods of positive and 

negative premiums in Spain’s month-ahead futures market and attribute the periodic 

pattern to unexpected variations in demand and hydroelectric power generation.  

Bunn and Chen (2013) report large positive premiums in the U.K. futures market in 

the winter peak period, smaller positive premiums in the winter off-peak period, and 

small negative premiums in the summer peak and off-peak periods. 

Deregulated electricity markets in the U.S. have day-ahead and real-time 

trading.  A day-ahead hourly forward premium is the day-ahead market (DAM) price 

for a given hour minus the real-time market (RTM) price for the same hour.  The 

hourly premiums can be positive or negative and may have a daily temporal pattern.  

Hadsell and Shawky (2007) report positive day-ahead forward premiums in the New 

York market.  For the PJM market, Hadsell (2011) reports positive day-ahead 
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forward premiums, while Longstaff and Wang (2004) observe positive premiums 

during peak evening hours but negative premiums during early afternoon hours.  

Haugom and Ullrich (2012) find the PJM’s premiums have been greatly reduced or 

eliminated in more-recent years.  Using California’s DAM and RTM hourly-price 

data during April 1998 - November 2000, Borenstein et al. (2008) document large and 

statistically significant premiums, suggesting trading inefficiency in the California’s 

markets.
2
   

Virtual bidding (VB) that allows a trader to buy (sell) in the day-ahead market 

with the liquidation obligation to sell (buy) in the real-time market may improve 

convergence between the DAM and RTM market prices.  Market-price convergence 

occurs when the introduction of VB shrinks the forward premium’s size and volatility.   

Examining the New York market, Hadsell and Shawky (2007) conclude that 

VB has decreased premiums during off-peak hours, but has increased premiums 

during peak hours.  Hadsell (2007) finds VB has reduced the price volatility in New 

York’s real-time and day-ahead markets.  Using California’s DAM and RTM prices 

during April 2009 – December 2012, Jha and Wolak (2013) document that VB has 

improved market-price convergence. 

This paper documents the effect of VB on day-ahead forward premiums in 

California’s electricity markets in the presence of large-scale wind generation, a 
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renewable resource that is as-available, intermittent, and largely not controlled by the 

California Independent System Operator (CAISO).
3
  We include wind generation in 

our analysis because rising wind energy output tends to reduce the RTM price (Woo et 

al., 2011, 2014), to the point that the RTM price can become negative,
4
 thus greatly 

magnifying the forward premium.    

Our paper is timely, relevant and important for two reasons.  First, VB is used 

by other major independent system operators in the U.S.: NE-ISO in New England, 

NYISO in New York, PJM, and ERCOT in Texas. Second, wind generation has 

become an increasingly important in the U.S. renewable energy supply to reduce 

generation-related emissions of harmful pollutants and greenhouse gas. 

Our key findings are as follows: 

 Day-ahead hourly forward premiums in California’s electricity markets vary by 

month-of-year, consistent with prior findings for New York and PJM (Longstaff 

and Wang, 2004; Hadsell and Shawky, 2007). 

 Virtual bidding has reduced the state’s day-ahead forward premium volatility, 

corroborating prior findings for New York and California (Hadsell and Shawky, 

2007; Hadsell, 2007; Jha and Wolak, 2013).  

 Rising wind generation has increased the state’s day-ahead forward premiums.  

However, it effect on the premiums’ volatility is largely negative. 
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Our paper’s main contributions are as follows: 

 To the best of our knowledge, this is the first study of the effect of VB on 

California’s day-ahead forward premiums in the presence of large-scale wind 

generation. 

 It documents that VB helps reduce the state’s premium volatility and aid 

market-price convergence. 

 It documents that wind generation impacts California’s premium level and 

volatility.  

The rest of the paper proceeds as follows.  Section 2 reviews California 

electricity market features, thus offering a contextual background of our forward 

premium analysis.  Section 3 describes our hourly data sample.  Section 4 is a 

graphical analysis of the hourly forward premium data, thereby guiding the regression 

analysis and interpretation of results in Section 5.  Section 6 concludes. 

2. California electricity market features 

California began deregulating its electricity sector in September 1996 with the 

passage of Assembly Bill 1890, requiring the creation of an independent system 

operator and an independent power exchange (PX) to enable transactions between 

electricity suppliers and end-use customers (Blumstein, et al., 2002). The PX began 

operation on April 1, 1998. Trading ceased on the PX on January 31, 2001 at the 
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height of the state’s electricity crisis.  The crisis finally ended in April 2001, after the 

state’s Department of Water Resources signed US$42 billion of long-term contracts 

with wholesale suppliers.   

The CAISO was part of the state’s response to the 1992 Federal Energy Policy 

Act, which introduced wholesale electric competition. After replacing the zonal 

market design in April 2009, the CAISO now operates a nodal market design with 

locational marginal pricing (LMP) (Hogan, 1992; Price, 2007), similar to other market 

operators in the U.S.: ERCOT, NYISO, NE-ISO, and PJM (Sioshansi, 2013). The 

CAISO’s nodal market includes a day-ahead market that settles hourly prices for the 

following calendar day at over 4,000 nodes in California and neighboring states, as 

well as a real-time (five-minute) market.  The three major pricing nodes in the 

CAISO’s grid are: (1) NP15 in Northern California; (2) SP15 in Southern California; 

and (3) ZP26 in north of Los Angeles.5  

The CAISO determines day-ahead, hour-ahead and real-time energy-market 

prices at each system node.  The process is as follows:
6
 

 Day-ahead market. The day-ahead market ensures that supply equals projected 

demand at the lowest-cost energy prices, while satisfying reliability needs.
7
 The 

market opens seven days prior to the trade date and closes at 1:00 p.m. the day 

before the trade date.  
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 Hour-ahead market.  The CAISO has an Hour-Ahead Scheduling Process 

(HASP). The CAISO runs the HASP optimization once per hour, every hour, and 

allows day-ahead hourly intertie import and export schedules to be modified 

through a re-optimization of the entire market. Changes in import or export 

quantities are settled at the hour-ahead price.   

 Real-time market. The real-time market opens after the day-ahead market closes, 

and it remains open until 75 minutes before the start of the trading hour. The 

CAISO uses Real-Time Economic Dispatch (RTED) that automatically runs every 

five minutes to dispatch imbalance energy and energy from ancillary services.
8
   

An important aspect of the CAISO electricity markets is the state’s large-scale 

wind generation.  In the early 2000s, California embarked on a sustained effort to 

introduce large amounts of renewable generation to meet its carbon reduction and 

economic development goals.
9
  Since 2002, the California Public Utilities 

Commission has approved contracts for over 19 GW of renewable capacity, and, as of 

2013, over five GW of renewable energy (about 80% of which is wind generation), 

had achieved commercial operation.
10

   

On April 20, 2010, the CAISO began publishing the state’s renewable 

generation data, including wind.  Since February 1, 2011, the CAISO’s transmission 

tariff allows VB,
11

 so as to aid market-price convergence (Hadsell, 2007; Hadsell and 
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Shawky, 2007; Jha and Wolak, 2013).   

3. Data description 

Our data sample has over 32,000 hourly observations on the CAISO’s DAM 

and RTM prices for NP15, SP15 and ZP26.
12

  We use the 12 five-minute intra-hour 

RETD-based prices to compute each hour’s average real-time market price. Our 

sample period’s start date of 04/20/2011 reflects when the CAISO first reported the 

state’s hourly renewable generation.  The end date of 12/31/2013 reflects the end of 

the most recent calendar year of 2013.  

To explore the relationship between the DAM and RTM prices, Figure 1.A is 

the scatter plot for NP15 in the before-VB period of 04/20/2010-01/31/2011, while 

Figure 1.B is drawn for the after-VB period of 02/01/2011-12/31/2013. The scatter 

plots for SP15 are Figures 2.A and 2.B and those for ZP26 are Figures 3.A and 3.B 

ZP26.   

These figures show that the DAM price and RTM prices are highly volatile 

and weakly correlated.  While the DAM prices are mostly positive, the RTM prices 

can be negative at the low end of the DAM price range. 

Absent transaction cost, the efficient market hypothesis (EMH) implies (a) the 

RTM price Yht moves in tandem with the day-ahead DAM price Xht for hour h = 1 

(00-01:00), .., 24 (23:00-24:00) and day t = 04/20/2010, …, 12/31/2013; and (b) there 
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is no arbitrage profit from selling (buying) electricity in the DAM and buying (selling) 

the same in the RTM (Siegel and Siegel, 1990). To provide an initial look at the DAM 

and RTM price data, we postulate a bivariate regression model with an AR(n) error 

ht:
13

  

Yht =  +  Xht + ht          (1) 

Under the EMH and the assumption of zero transaction cost,  = 0 and  = 1, a 

testable hypothesis of linear restrictions.   

To explore the effect of VB on trading efficiency, we separately estimate 

equation (1) for the before-VB period and the after-VB period.  Table 1 reports the 

regression results obtained via the maximum likelihood (ML) option in PROC 

AUTOREG in SAS/ETS (2008), yielding the following observations: 

 All three regressions have low adjusted R
2
, signaling that equation (1) does not fit 

the price data well. 

 Before VB, the intercept estimates are statistically significant (p value < 0.05) at 

the 0.05 significance level that is used throughout the paper.  After VB, these 

estimates are not statistically significant. 

 Before VB, the slope coefficient estimates are statistically significant and exceed 

1.  After VB, they continue to be statistically significant but are now close to 1. 

 The AR parameter estimates show that the random errors are mostly AR(4) errors, 
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except for ZP26 in the after-VB period.
14

 

 The F-statistics suggest rejection (p-value < 0.05) of H0:  = 0 and  = 1 for all 

three price data series.   

These observations indicate price divergence in the before-VB period.  

However, VB seems to have caused the RTM and DAM prices to converge in the 

after-VB period.   

4. Graphical exploration  

This section further explores the hourly forward premium defined by Zht = 

Xht – Yht.  This exploration entails a series of hypotheses, thus concisely portraying 

the forward premium’s behavior. The inferences made here are further examined in a 

regression analysis in the next section. 

4.1 Hypothesis 1: The hourly forward premium varies by hour of the day  

Figure 4 portrays the NP15 forward premiums by hour.  For each hour, the 

bottom (top) bar “▬” is the premium’s 5-percentile (95-percentile) value.  The 

range formed by the two bars enables a comparison of the premiums’ before-VB and 

after-VB volatilities.
15

  The mean is represented by “∆” for the before-VB period and 

“”for the after-VB period.  The solid ▲ and ■ denote statistically significant 

means (p-value < 0.05) based on a two-tail t-test. 

For the before-VB period, the solid ▲ indicates statistically significant 
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average NP15 premium for hours 1, 2, 5, 6, 8, 12, 18, 19, 20, 21, 22, 23, 24. For the 

after-VB period, the solid ■ indicates statistically significant average NP15 

premium for hours 3, 4, 5, 6, 7, 10, 14, 24.  Moreover, VB seems to have reduced the 

NP15 premium size and volatility.  Figures 5 and 6 tell a similar story for SP15 and 

ZP26.  Thus, Figures 4-6 lend support to the hypothesis of hourly-varying premiums.  

Importantly, they also suggest VB has improved market-price convergence. 

4.2 Hypothesis 2: The hourly forward premium varies by day-of-week   

Figure 7 portrays the NP15 forward premiums by day-of-week.  For the 

before-VB period, the solid ▲ indicates statistically significant and negative average 

NP15 premium for Sunday, Monday, Thursday and Saturday.  For the after-VB 

period, the solid ■ indicates statistically significant and positive average NP15 

premium for Monday through Thursday.  For either period, however, the difference 

between the average premium on a given day (e.g., Sunday) and that on another day 

(e.g., Monday) is small.  Moreover, VB seems to have reduced the premium size and 

volatility.  Figures 8 and 9 tell a similar story for SP15 and ZP26.  Thus, Figures 

7-9 only modestly support the hypothesis of varying premiums by day-of-week.   

4.3 Hypothesis 3: The hourly forward premium varies monthly   

Figure 10 portrays the NP15 monthly means of forward premiums.  The solid 

▲ and solid ■ suggest the presence of statistically significant monthly average 
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NP15 premium in the before- and after-VB periods.  The same can be said about 

Figure 11 for SP15 and Figure 12 for ZP26.  Thus, Figures 10-12 lend support to the 

hypothesis of monthly varying premiums. 

4.4 Hypothesis 4: The forward premiums in the CASIO’s electricity markets 

depend on California’s wind generation  

Figures 13-15 show the forward premiums by wind generation (MW) decile.  

These figures show that the average forward premium generally increases with wind 

generation.  Moreover, rising wind generation seems to have reduced the premium 

volatility.  Thus, Figures 13-15 lend support to the hypothesis of the premiums’ 

dependence on wind generation. 

5. Regression analysis 

5.1 Model 

Figures 4-15 suggest that month-of-year, day-of-week, VB and wind 

generation drive California’s forward premiums.  However, they do not delineate 

each driver’s individual effect.  Guided by the graphical analysis, we therefore use a 

regression model to delineate the individual effects.  

Figures 4-6 suggest the forward premiums vary hourly.  To allow for the 

hourly-varying effect of a driver (e.g., wind generation) on the forward premium, we 

estimate 24 hourly regressions, each with the following specification:
16
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Zht = h + d hd Ddt + m hm Mmt +h Vt + h Wht + ht   (2) 

In equation (2), the dependent variable is Zht = forward premium for hour h and day t 

for a particular market price series, which can be NP15, SP15 or ZP26.
17

  It has a 

systematic portion, represented by the first five terms on the right hand side of 

equation (2).   

The first independent variable on the right-hand-side of equation (1) is the 

hour-specific intercept h. Based on the variables introduced below, h measures the 

average premium for hour h in December on a Saturday, after controlling for the 

effects of month-of-year, day-of-week, virtual bidding, and wind generation.  

Figures 7-9 suggest that Zht varies by day-of-week.  Hence, we use indicator 

Dmt = 1 to indicate if day t is d = 1 (Sunday), …, 6 (Friday); 0 otherwise.  The 

day-of-week effect for hour h is measured by the coefficient hd.  

Figures 10-12 suggest Zht varies monthly.  Hence, we use binary indicator 

Mmt = 1 to indicate if day t is in month m = 1 (January), …, 11 (November); 0 

otherwise. The month-of-year effect for hour h is measured by the coefficient hm.  

Figures 4-12 suggest VB affects the hourly forward premium.  To capture 

this effect, we use binary indicator Vt = 1 if day t is after 01/31/2011; 0 otherwise.  

The effect of VB for hour h is measured by the coefficient h.  

Based on Figures 13-15, the last independent variable is Wht, which is 
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California’s hourly wind generation (MW) in hour h on day t.
18

 Its hour-specific 

effect on the forward premium is given by the coefficient h. 

The hour-specific random error in equation (2) is ht for hour h on day t.  We 

consider three stochastic specifications: (a) ht is heteroskedastic and its variance is an 

exponential function of VB and wind generation (SAS, 2008, p.351);
19

 (b)ht is an 

AR(1) error; and (c) ht follows a GARCH (1,1) process (Bollerslev, 1986).  

Obtained via the ML option in PROC AUTOREG in SAS/ETS (2008), our main 

results are based on (a) for two reasons.  First, we find the AR(1) parameter 

estimates are either statistically insignificant (p-value < 0.05) or below 0.2. Second, 

we find the estimated GARCH (1, 1) process has an undefined unconditional 

variance. 

5.2 Results 

Table 2 is a summary of the hourly regressions’ statistics.  It shows low 

adjusted R
2
 of under 0.1.  It also shows statistically significant heteroskedasticity.  

Specifically, VB tends to reduce the residual’s variance.  Wind generation tends to 

increase the residual’s variance in the early morning hours of 02:00 - 06:00 for NP15 

and ZP26 but reduce it in other hours.  However, its estimated effect for SP15 is 

largely negative. 

Table 3 reports the estimated effects of VB on the day-ahead forward 
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premiums, which are statistically insignificant for 21 of the 24 hours.  Together with 

Table 2, this table shows the estimated main effect of VB is not on the premium level, 

but rather on the premium volatility.   

Table 4 reports the estimated effect of wind generation on hourly forward 

premium in the CAISO electricity markets.  Nearly all of the h estimates are 

positive and over 60% of them statistically significant, indicating that rising wind 

generation can turn a negative premium into a positive one.  Moreover, wind 

generation fluctuations lead to forward premium fluctuations.
20

 

Table 5 reports the estimates for the hour-specific intercept, which is the 

average premium given for hour h in December on a Saturday, after adjusting for the 

effects of month-of-year, day-of-week, VB and wind generation.  All h are 

statistically insignificant (p-value > 0.05), except for hours 22 and 23 for NP15 and 

ZP26 and hour 23 for SP15.  Hence, there is little evidence to support that Saturday 

premiums are different from zero. 

Finally, Table 6 reports the p-values for the F statistics for testing (a) zero 

month-of-year effects; and (b) zero day-of-week effects.  These p-values indicate 

that forward premiums statistically significantly vary by month-of-year for 32 the 72 

hourly regressions.  However, statistically significant day-of-week effects are 

detected only for 6 of the 72 hourly regressions, thus suggesting insignificant 
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dependence of the forward premiums on the day-of-week. 

6. Conclusion 

Deregulated electricity markets in the U.S. and elsewhere exhibit volatile spot 

market prices, chiefly because of the non-storable nature of electricity and the need to 

balance system demand and supply in real time.  This paper investigates the 

market-price convergence effect of VB in California in the presence of large-scale 

wind generation.  Using a large data sample of over 32,000 hourly observations in 

the period of 04/20/2010 – 12/31/2013, we find (a) VB has its intended effect by 

reducing California’s day-ahead forward premiums’ volatility, and (b) rising wind 

generation has altered the hourly premium size and volatility.  These findings lead us 

to conclude that VB has improved convergence in California’s DAM and RTM prices; 

this is notwithstanding wind generation’s effect on California’s electricity market 

prices. Our conclusion lends support to the use of VB by independent system 

operators in the U.S. to improve the efficiency of wholesale electricity markets.  
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Endnotes 

                                                      

1
 The spot market can be the day-head or real-time market when investigating the 

forward premium in futures contracts.  When analyzing the day-ahead forward 

premium, the spot market is the real-time market and the forward market is the 

day-ahead market. Using California as an example, Section 2 details the relationship 

between the state’s day-ahead and real-time markets. 

2
 Day-ahead forward premiums are also observed in markets outside the US. For 

example, Viehmann (2011) reports positive premiums in the German market during 

evening peak hours in winter months and negative premiums during non-peak hours 

of low demand. 

3
 While the CAISO can curtail wind generation, it cannot increase wind generation 

like dispatchable generation (e.g., natural-gas turbines). 

4
 An example is the minimum-load condition when the system load cannot fully 

absorb the non-dispatchable generation output from wind farms.  As a result, 

negative prices are used to induce dispatchable- generation (e.g., natural-gas turbines) 

owners to curtail their output so as to maintain the real-time load-resource balance. 

5
 

http://www.ferc.gov/market-oversight/mkt-electric/california/2012/02-2012-elec-ca-ar

chive.pdf 

http://www.ferc.gov/market-oversight/mkt-electric/california/2012/02-2012-elec-ca-archive.pdf
http://www.ferc.gov/market-oversight/mkt-electric/california/2012/02-2012-elec-ca-archive.pdf
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6
 http://www.caiso.com/market/Pages/MarketProcesses.aspx; 

http://www.caiso.com/market/Pages/ProductsServices/Default.aspx 

7
 The CAISO uses a full network model to determine unit commitments and 

day-ahead hourly market-clearing prices while incorporating must-run needs and any 

bid mitigation. The model ensures that generation plus imports are equal to the sum of 

projected load, exports, and transmission losses.   

8
 http://www.caiso.com/23ce/23cecc9f2b100.pdf;  

http://www.caiso.com/market/Pages/MarketProcesses.aspx 

9
 The state’s first renewable portfolio standard (RPS) bill, Senate Bill 1078, which 

was passed in 2002, mandated that by 2013 investor-owned utilities meet 20% of 

retail sales with production from qualifying renewable resources.  In 2011, Senate 

Bill X1 2 raised this standard to a 33% RPS by 2020, and extended it to include 

municipal utilities. 

10
 

http://www.cpuc.ca.gov/NR/rdonlyres/384E3432-6EAB-4492-BF88-992874A7B978/

0/2013_Q1RPSReportFINAL.pdf 

11
 http://www.caiso.com/Documents/ConformedTariff_Oct1_2013.pdf 

12
 These price data come from http://oasis.caiso.com/. 

13
 To address possible concerns about a spurious price regression (Granger and 

http://www.caiso.com/market/Pages/MarketProcesses.aspx
http://www.caiso.com/23ce/23cecc9f2b100.pdf
http://www.cpuc.ca.gov/NR/rdonlyres/384E3432-6EAB-4492-BF88-992874A7B978/0/2013_Q1RPSReportFINAL.pdf
http://www.cpuc.ca.gov/NR/rdonlyres/384E3432-6EAB-4492-BF88-992874A7B978/0/2013_Q1RPSReportFINAL.pdf
http://www.cpuc.ca.gov/NR/rdonlyres/384E3432-6EAB-4492-BF88-992874A7B978/0/2013_Q1RPSReportFINAL.pdf
http://www.caiso.com/Documents/ConformedTariff_Oct1_2013.pdf
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Newbold, 1974), we applied the Phillips-Perron unit-root test (Phillips and Perron, 

1988) to decisively reject (p-value < 0.01) the hypothesis that the RTM and DAM 

price data series are non-stationary.   

14
 As an additional check, we test if the GARCH(1, 1) or AR(1)/GARCH(1, 1) 

process (Alexander, 2001) yields a better representation of the data generating process 

(DGP) than the AR(5) process. The unconditional variance of each process is negative 

and therefore undefined, thus causing us not to adopt these processes to characterize 

the DGP. 

15
 We choose the 5-percentile and 95-percentile values for two reasons.  First, the 

values have a value-at-risk interpretation and may be seen as the floor and ceiling of 

an hourly premium with a 95% probability (Jorion, 1997).  Second, they facilitate a 

clear display of the highly disperse premium data.  We try the use of a boxplot to 

show each hour’s premium minimum, 25-percentile, median, mean, 75-percentile and 

maximum.  The negative large premiums, however, cause the 25-percentile, median, 

mean and 75-percentile to tightly cluster, rendering the hourly boxplots 

uninformative.  

16
 We tried a single regression approach under which equation (2) has 23 hourly 

indicators to denote the hour of day.  This approach assumes that the effect of a 

driver (e.g., wind generation) is constant throughout the 24 hours of the day. It is 
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abandoned because the constant effect assumption is rejected by the data.  

17
 We applied the Phillips-Perron unit-root test (Phillips and Perron, 1988) to 

decisively reject (p-value < 0.01) the hypothesis that the forward premium data series 

are non-stationary.  The other metric variable in equation (2) is wind generation Wht, 

which is also found to be stationary. 

18
 Its selection is based on a stepwise regression analysis of the fundamental drivers 

identified in Woo et al. (2014): (a) daily natural gas price; (b) hourly system demands 

of the three large investor-owned utilities in California: PG&E, SCE and SDGE; (c) 

California’s nuclear capacities available at Diablo Canyon in Northern California, San 

Onofre in Southern California and Palo Verde in Arizona ; and (d) as-available 

renewable generation (small hydro, solar and wind). Wind generation is the only 

driver found to be consistently statistically significant (p-value < 0.05), reflecting that 

day-ahead prediction of real-time wind generation is highly inaccurate relative to the 

day-ahead predictions of other drivers. 

19
 We tried the linear specification but encountered the problem of non-convergence.  

The results for the squared specification are very similar to those reported here. 

20
 This is consistent with our prior finding for Texas that an increase in wind 

generation tends to reduce the RTM price level but magnify the RTM price volatility 

(Woo et al, 2011). 
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Table 1. Maximum likelihood estimation of equation (1).  The before-virtual-bidding (VB) 

period is 04/20/2010 – 01/31/2011 and the after-VB period is 02/01/2011 - 12/31/2013.  The 

numbers in (  ) are p-values, and estimates in bold are statistically significant (p-value < 0.05).   

Variable NP15 SP15 ZP26 

Before VB After VB Before VB After VB Before VB After VB 

Sample size 6887 25413 6887 25461 6863 25413 

Sample mean: 

RTM price 

37.129 31.912 38.763 34.276 36.369 30.136 

Sample mean: 

DAM price 

33.060 32.990 32.495 34.919 32.256 32.024 

RMSE 42.79 32.29 49.44 44.25 41.95 28.11 

Adjusted R
2
 0.157 0.227 0.189 0.146 0.159 0.186 

Intercept:  -7.678 

(0.005) 

-1.021 

(0.275) 
-14.587 

(<.001) 

1.515 

(0.167) 
-7.787 

(0.003) 

1.362 

(0.073) 

Slope:  1.356 

(<.001) 
0.998 

(<.001) 
1.642 

(<.001) 
0.938 

(<.001) 
1.369 

(<.001) 
0.899 

(<.001) 

AR(1) parameter 0.277 

(<.001) 
0.316 

(<.001) 
0.315 

(<.001) 
0.211 

(<.001) 
0.277 

(<.001) 
0.246 

(<.001) 

AR(2) parameter 0.068 

(<.001) 
0.083 

(<.001) 
0.047 

(<.001) 
0.130 

(<.001) 
0.057 

(<.001) 
0.083 

(<.001) 

AR(3) parameter 0.048 

(<.001) 
0.030 

(<.001) 
0.030 

(0.017) 

0.011 

(0.099) 
0.051 

(<.001) 
0.023 

(<.001) 

AR(4) parameter 0.001 

(0.953) 
0.015 

(0.028) 

0.007 

(0.584) 
0.026 

(<.001) 

0.007 

(0.566) 
0.023 

(<.001) 

AR(5) parameter -0.012 

(0.339) 

0.001 

(0.842) 

0.00002 

(0.999) 

0.009 

(0.171) 

-0.020 

(0.107) 
0.020 

(0.002) 

F-statistic for 

testing H0: = 0 

and  = 1 

22.30 

(<.001) 
4.35 

(0.013) 
47.85 

(<.001) 
3.31 

(0.036) 
24.66 

(<.001) 
31.67 

(<.001) 

 

Table
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Table 2. Summary of hourly regressions based on equation (2) obtained by the maximum likelihood estimation method of equation (2) for the sample period 

of 04/20/2011 – 12/31/2013.  Based on the exponential specification for the residual variance (SAS, 2008, p.351), the hetero(skedasticity) parameter estimates 

in bold are statistically significant (p-value < 0.05). 

Hour 

NP15 SP15 ZP26 

Adj. R2 RMSE 
Hetero  

intercept 

Hetero 

VB 

Hetero 

Wind 
Adj. R2 RMSE 

Hetero 

 intercept 

Hetero 

VB 

Hetero 

Wind 
Adj. R2 RMSE 

Hetero 

intercept 

Hetero 

VB 

Hetero 

Wind 

1 0.064 20.42 27.689 -0.534 -0.000178 0.037 29.45 29.483 0.575 -0.000438 0.062 20.45 26.891 -0.493 -0.000149 

2 0.059 23.53 26.348 -2.001 0.000863 0.040 36.17 36.202 0.479 -0.000423 0.062 23.47 25.616 -1.884 0.000854 

3 0.056 24.93 40.135 -2.911 0.000452 0.026 36.87 21.406 -1.303 0.001538 0.054 23.54 36.887 -2.737 0.000445 

4 0.060 13.55 11.782 -0.598 0.000573 0.031 22.50 22.521 0.515 -0.000357 0.055 13.36 11.145 -0.367 0.000511 

5 0.066 14.47 12.819 -0.058 0.000252 0.040 23.95 16.493 1.383 -0.000472 0.067 14.69 12.722 0.033 0.000229 

6 0.030 18.91 16.410 0.050 0.000220 0.010 44.67 18.695 2.001 -0.000052 0.051 15.27 17.396 -0.436 0.000065 

7 0.046 35.27 63.850 -1.085 -0.000720 0.030 50.51 80.973 -0.056 -0.001453 0.047 35.17 66.950 -1.133 -0.000844 

8 0.034 41.32 41.307 -0.315 0.000254 0.017 51.58 51.593 1.032 -0.001024 0.047 35.40 48.205 -0.115 -0.000715 

9 0.026 32.52 32.527 -0.013 -0.000019 0.024 33.06 40.558 -0.173 -0.000383 0.039 24.20 31.535 -0.995 0.000187 

10 0.025 28.48 22.896 0.694 -0.000186 0.027 35.91 35.909 0.162 -0.000132 0.048 24.70 21.652 0.288 0.000037 

11 0.017 44.22 37.608 -0.577 0.000874 0.042 40.19 62.999 -0.579 -0.000860 0.044 28.23 45.914 -1.334 -0.000159 

12 0.020 37.31 37.262 -1.009 0.000911 0.032 34.90 48.936 -0.871 -0.000084 0.032 28.03 37.454 -1.817 0.000692 

13 0.023 28.73 18.210 0.940 0.000127 0.019 54.52 34.847 1.611 -0.000793 0.040 23.87 16.461 0.252 0.000544 

14 0.026 29.94 18.274 1.757 -0.000877 0.028 52.53 52.549 0.792 -0.001097 0.030 29.51 17.864 1.719 -0.000772 

15 0.037 31.38 31.396 0.253 -0.000251 0.029 64.95 94.863 -1.050 -0.000057 0.036 31.23 31.203 -0.307 0.000284 

16 0.020 52.12 52.138 0.711 -0.000683 0.019 77.07 117.260 0.170 -0.001242 0.023 45.79 45.820 0.941 -0.000933 

17 0.036 50.74 50.756 0.712 -0.000635 0.013 59.48 59.478 0.320 -0.000184 0.022 40.82 54.602 0.124 -0.000875 

18 0.034 59.18 82.678 0.020 -0.000716 0.023 67.91 67.923 0.518 -0.000495 0.037 52.86 92.158 -0.295 -0.001093 

19 0.028 51.37 81.474 -0.489 -0.000576 0.045 50.01 80.115 -0.456 -0.000646 0.040 46.32 80.156 -0.760 -0.000608 

20 0.031 50.48 80.408 -0.903 -0.000257 0.026 53.44 83.674 -0.886 -0.000238 0.036 48.19 78.199 -0.980 -0.000251 

21 0.028 45.49 81.698 -0.916 -0.000509 0.018 57.87 57.875 -0.304 0.000096 0.029 43.35 82.436 -0.926 -0.000635 

22 0.047 32.85 43.325 -0.516 -0.000139 0.052 33.69 51.359 -0.710 -0.000277 0.053 30.71 43.339 -0.672 -0.000165 

23 0.075 28.50 60.777 -1.750 -0.000472 0.058 33.24 75.381 -0.980 -0.000956 0.073 27.06 63.099 -1.736 -0.000671 

24 0.096 30.36 53.113 -2.139 0.000075 0.060 34.96 78.027 -1.505 -0.000592 0.089 30.83 50.147 -2.168 0.000204 



3 
 

Table 3.  Effect of virtual trading, h, on the level of hourly forward premium in the CAISO electricity 

markets; sample period = 04/20/2011 – 12/31/2013; estimates in bold are statistically significant (p-value 

< 0.05) 

Hour 

NP15 SP15 ZP26 

h Standard 

error 

p-value h Standard 

error 

p-value h Standard 

error 

p-value 

1 2.611 3.178 0.411 1.395 3.292 0.672 2.188 3.237 0.499 

2 3.921 5.856 0.503 2.281 4.165 0.584 3.669 5.616 0.514 

3 3.904 7.588 0.607 3.342 5.277 0.527 2.778 7.523 0.712 

4 -1.210 1.096 0.270 -1.642 2.260 0.468 -1.501 1.047 0.152 

5 -5.521 1.134 <.001 -7.813 1.768 <.001 -5.361 1.115 <.001 

6 -4.595 1.987 0.021 -9.385 4.878 0.054 -3.444 1.677 0.040 

7 5.963 7.092 0.401 3.568 5.288 0.500 6.837 6.944 0.325 

8 6.733 7.179 0.348 5.293 6.749 0.433 6.445 5.467 0.238 

9 0.457 6.176 0.941 2.471 6.089 0.685 1.938 5.865 0.741 

10 0.768 3.288 0.815 3.529 6.168 0.567 1.966 3.245 0.545 

11 7.564 9.139 0.408 10.098 8.088 0.212 7.283 7.858 0.354 

12 5.640 9.741 0.563 9.373 8.708 0.282 7.263 8.999 0.420 

13 0.208 3.413 0.951 -1.978 5.525 0.720 2.151 2.839 0.449 

14 -0.025 2.255 0.991 3.530 5.459 0.518 0.698 2.397 0.771 

15 -0.257 4.703 0.956 10.651 15.485 0.492 0.553 5.432 0.919 

16 -0.877 7.894 0.912 8.004 10.136 0.430 0.371 5.710 0.948 

17 -4.380 6.453 0.497 -0.006 10.650 1.000 2.235 6.087 0.714 

18 3.831 11.833 0.746 8.076 10.171 0.427 8.859 10.376 0.393 

19 6.506 10.056 0.518 12.018 9.059 0.185 10.032 9.569 0.294 

20 7.221 11.474 0.529 10.669 13.074 0.415 8.437 11.185 0.451 

21 7.376 10.485 0.482 9.023 10.391 0.385 7.843 10.384 0.450 

22 6.548 5.531 0.237 8.589 6.276 0.171 7.314 5.462 0.181 

23 13.165 6.414 0.040 11.700 5.397 0.030 12.239 5.642 0.030 

24 8.238 7.461 0.270 6.765 7.192 0.347 8.334 7.606 0.273 
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Table 4.  Effect of wind generation, h, on the level of hourly forward premium in the CAISO electricity 

markets; sample period = 04/20/2011 – 12/31/2013; estimates in bold are statistically significant (p-value 

< 0.05). 

Hour 

NP15 SP15 ZP26 

h Standard 

error 

p-value h Standard 

error 

p-value h Standard 

error 

p-value 

1 0.00457 0.00114 <.001 0.00543 0.00167 0.001  0.00461 0.00117 <.001 

2 0.00394 0.00123 0.001  0.00681 0.00207 0.001  0.00425 0.00123 0.001  

3 0.00471 0.00077 <.001 0.00318 0.00304 0.295  0.00464 0.00078 <.001 

4 0.00429 0.00077 <.001 0.00517 0.00127 <.001 0.00409 0.00080 <.001 

5 0.00449 0.00088 <.001 0.00667 0.00111 <.001 0.00471 0.00088 <.001 

6 0.00195 0.00125 0.119  0.00942 0.00360 0.009  0.00412 0.00074 <.001 

7 0.00214 0.00115 0.062  0.00551 0.00118 <.001 0.00329 0.00102 0.001  

8 0.00038 0.00502 0.940  0.00600 0.00285 0.035  0.00405 0.00168 0.016  

9 0.00232 0.00304 0.446  0.00613 0.00163 <.001 0.00376 0.00152 0.013  

10 0.00502 0.00205 0.014  0.00520 0.00222 0.019  0.00590 0.00153 <.001 

11 -0.00293 0.00748 0.695  0.00518 0.00136 <.001 0.00374 0.00141 0.008  

12 0.00088 0.00473 0.853  0.00431 0.00234 0.066  0.00286 0.00237 0.228  

13 0.00361 0.00289 0.211  0.00725 0.00257 0.005  0.00505 0.00201 0.012  

14 0.00434 0.00099 <.001 0.00654 0.00164 <.001 0.00475 0.00111 <.001 

15 0.00601 0.00166 <.001 0.00492 0.00497 0.322  0.00560 0.00229 0.014  

16 0.00745 0.00305 0.015  0.00395 0.00252 0.117  0.00682 0.00178 <.001 

17 0.00953 0.00234 <.001 0.00591 0.00532 0.266  0.00452 0.00132 0.001  

18 0.00777 0.00268 0.004  0.00632 0.00406 0.120  0.00459 0.00141 0.001  

19 0.00415 0.00248 0.094  0.00327 0.00224 0.143  0.00292 0.00202 0.148  

20 0.00335 0.00313 0.285  0.00282 0.00318 0.375  0.00256 0.00332 0.441  

21 0.00389 0.00235 0.098  0.00341 0.00490 0.486  0.00346 0.00202 0.087  

22 0.00446 0.00226 0.048  0.00490 0.00193 0.011  0.00404 0.00225 0.072  

23 0.00442 0.00090 <.001 0.00526 0.00090 <.001 0.00482 0.00072 <.001 

24 0.00688 0.00135 <.001 0.00831 0.00130 <.001 0.00669 0.00146 <.001 
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Table 5.  Average premium h for hour h in December on a Saturday, after controlling for the effects of 

month-of-year, day-of-week, virtual bidding and wind generation; sample period = 04/20/2011 – 

12/31/2013; estimates in bold are statistically significant (p-value < 0.05). 

Hour 

NP15 SP15 ZP26 

h Standard 

error 

p-value h Standard 

error 

p-value h Standard 

error 

p-value 

1 -4.134 5.255 0.432 -7.808 5.920 0.187 -3.775 5.347 0.480 

2 -3.740 6.323 0.554 -4.700 8.096 0.562 -3.458 6.116 0.572 

3 -1.826 7.710 0.813 0.308 6.278 0.961 -1.652 7.686 0.830 

4 2.871 1.685 0.088 2.055 4.853 0.672 2.378 1.631 0.145 

5 3.505 1.928 0.069 1.571 3.081 0.610 3.042 1.932 0.115 

6 2.896 3.450 0.401 -7.439 5.905 0.208 0.909 2.537 0.720 

7 -6.922 7.702 0.369 -7.747 6.529 0.235 -8.249 7.682 0.283 

8 -4.417 9.088 0.627 -12.819 9.462 0.176 -7.844 6.692 0.241 

9 -3.008 7.227 0.677 -1.443 9.572 0.880 -2.539 7.725 0.742 

10 -1.413 5.568 0.800 -1.746 8.195 0.831 -2.213 4.797 0.645 

11 -6.620 10.284 0.520 -10.634 8.380 0.205 -4.370 8.371 0.602 

12 -6.033 11.840 0.610 -2.261 12.363 0.855 -2.796 10.941 0.798 

13 2.918 6.950 0.675 0.339 9.477 0.972 0.379 5.230 0.942 

14 0.437 3.361 0.897 -1.707 6.118 0.780 2.011 3.240 0.535 

15 -0.080 7.759 0.992 -0.741 33.153 0.982 2.298 13.464 0.865 

16 -3.743 15.101 0.804 -0.064 15.032 0.997 -4.311 10.448 0.680 

17 -0.695 10.758 0.949 -2.157 13.445 0.873 -1.102 8.411 0.896 

18 -15.700 14.628 0.283 -22.820 12.458 0.067 -16.620 12.648 0.189 

19 -12.054 11.405 0.291 -12.432 9.738 0.202 -14.202 9.945 0.153 

20 -13.853 16.226 0.393 -13.364 17.292 0.440 -14.597 15.314 0.341 

21 -18.856 12.961 0.146 -18.016 13.983 0.198 -18.515 12.439 0.137 

22 -15.439 7.405 0.037 -15.659 8.143 0.055 -14.423 7.232 0.046 

23 -14.796 7.002 0.035 -19.459 6.564 0.003 -14.120 6.257 0.024 

24 -8.638 8.233 0.294 -7.321 8.010 0.361 -7.644 9.218 0.407 
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Table 6.  p-values for F statistics for testing (a) no month-of-year effects (h1 = … = h11 = 0) and (b) no 

day-of-week effects (h1 = … = h6 = 0) on hourly forward premium in the CAISO electricity markets; 

sample period = 04/20/2011 – 12/31/2013; p-values < 0.05 are in bold. 

Hour NP15 SP15 ZP26 

h1 = … = h11 

= 0 

h1 = … = h6 

= 0 

h1 = … = h11 

= 0 

h1 = … = h6 = 

0 

h1 = … = h11 

= 0 

h1 = … = h6 = 

0 

1 <.001 0.821  <.001 0.619  <.001 0.751  

2 <.001 0.055  0.003  0.397  <.001 0.051  

3 <.001 <.001 0.064  0.073  <.001 <.001 

4 <.001 0.054  0.623  0.722  <.001 0.119  

5 0.044  0.281  0.268  0.186  0.028  0.343  

6 0.810  0.377  0.942  0.459  0.352  0.080  

7 <.001 0.655  0.001  0.919  <.001 0.622  

8 0.018  0.040  0.805  0.700  0.026  0.023  

9 0.786  0.991  0.622  0.896  0.176  0.464  

10 0.840  0.749  0.959  0.836  0.734  0.491  

11 0.789  0.951  0.029  0.009  0.030  0.403  

12 0.552  0.981  0.872  0.764  0.513  0.926  

13 0.517  0.845  0.892  0.337  0.917  0.991  

14 0.086  0.887  0.026  0.483  0.320  0.991  

15 0.236  0.706  0.430  0.513  0.407  0.779  

16 0.945  0.950  0.583  0.334  0.792  0.700  

17 0.021  0.772  0.903  0.983  0.309  0.728  

18 0.661  0.384  0.995  0.342  0.492  0.001  

19 0.232  0.683  <.001 0.716  0.005  0.345  

20 0.016  0.403  0.047  0.790  0.007  0.262  

21 0.735  0.339  0.916  0.427  0.727  0.178  

22 0.004  0.775  0.011  0.501  0.008  0.729  

23 0.001  0.759  0.031  0.724  <.001 0.755  

24 <.001 0.995  <.001 0.795  <.001 0.998  
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Figure 1.A: Scatter plot of day-ahead market (DAM) vs. real-time market (RTM) price for NP15 

before virtual bidding; sample period: 04/20/2010 – 01/31/2011 

 

 

Figure 1.B: Scatter plot of day-ahead market (DAM) vs. real-time market (RTM) price for NP15 

after virtual bidding; sample period: 02/01/2011 – 12/31/2013 
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Figure 2.A: Scatter plot of day-ahead market (DAM) vs. real-time market (RTM) price for SP15 

before virtual bidding; sample period: 04/20/2010 – 01/31/2011 

 

 

Figure 2.B: Scatter plot of DAM vs. RTM price for SP15 after virtual bidding; sample period: 

02/01/2011 – 12/31/2013 
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Figure 3.A: Scatter plot of day-ahead market (DAM) vs. real-time market (RTM) price for ZP26 

before virtual bidding; sample period: 04/20/2010 – 01/31/2011 

 

 

Figure 3.B: Scatter plot of day-ahead market (DAM) vs. real-time market (RTM) price for ZP26 

after virtual bidding; sample period: 02/01/2011 – 12/31/2013 
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Figure 4: 5-percentile (lower “▬”), mean (“∆” or “”) and 95-percentile (upper “▬”) of hourly 

NP15 forward premium before and after virtual bidding; ▲ and ■ denote statistically significant 

means (p-value < 0.05) based on a two-tail t-test. 
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Figure 5: 5-percentile (lower “▬”), mean (“∆” or “”) and 95-percentile (upper “▬”) of hourly 

SP15 forward premium before and after virtual bidding; ▲ and ■ denote statistically significant 

means (p-value < 0.05) based on a two-tail t-test. 
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Figure 6: 5-percentile (lower “▬”), mean (“∆” or “”) and 95-percentile (upper “▬”) of hourly 

ZP26 forward premium before and after virtual bidding; ▲ and ■ denote statistically significant 

means (p-value < 0.05) based on a two-tail t-test. 
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Figure 7: 5-percentile (lower “▬”), mean (“∆” or “”) and 95-percentile (upper “▬”) of hourly 

NP15 forward premium by day-of-week before and after virtual bidding; ▲ and ■ denote 

statistically significant means (p-value < 0.05) based on a two-tail t-test. 
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Figure 8: 5-percentile (lower “▬”), mean (“∆” or “”) and 95-percentile (upper “▬”) of hourly 

SP-15 forward premium by day-of-week before and after virtual bidding; ▲ and ■ denote 

statistically significant means (p-value < 0.05) based on a two-tail t-test. 
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Figure 9: 5-percentile (lower “▬”), mean (“∆” or “”) and 95-percentile (upper “▬”) of hourly 

ZP26 forward premium by day-of-week before and after virtual bidding; ▲ and ■ denote 

statistically significant means (p-value < 0.05) based on a two-tail t-test. 
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Figure 10: Monthly 5-percentile (lower “▬”), mean (“∆” or “”) and 95-percentile (upper “▬”) 

of hourly NP15 forward premium before and after virtual bidding; ▲ and ■ denote statistically 

significant means (p-value < 0.05) based on a two-tail t-test. 
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Figure 11: Monthly 5-percentile (lower “▬”), mean (“∆” or “”) and 95-percentile (upper “▬”) 

of hourly SP15 forward premium before and after virtual bidding; ▲ and ■ denote statistically 

significant means (p-value < 0.05) based on a two-tail t-test. 
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Figure 12: Monthly 5-percentile (lower “▬”), mean (“∆” or “”) and 95-percentile (upper “▬”) 

of hourly ZP26 forward premium before and after virtual bidding; ▲ and ■ denote statistically 

significant means (p-value < 0.05) based on a two-tail t-test. 
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Figure 13: 5-percentile (lower “▬”), mean (“∆” or “”) and 95-percentile (upper “▬”)  of 

hourly NP15 forward premium by hourly wind generation (MW) decile before and after virtual 

bidding.  The negative MW number reflects in-plant use of wind farms; ▲ and ■ denote 

statistically significant means (p-value < 0.05) based on a two-tail t-test. 
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Figure 14: 5-percentile (lower “▬”), mean (“∆” or “”) and 95-percentile (upper “▬”) of hourly 

SP15 forward premium by hourly wind generation (MW) decile before and after virtual bidding. 

The negative MW number reflects in-plant use of wind farms; ▲ and ■ denote statistically 

significant means (p-value < 0.05) based on a two-tail t-test. 

  



15 
 

 

 

 

 

Figure 15: 5-percentile (lower “▬”), mean (“∆” or “”) and 95-percentile (upper “▬”) hourly 

ZP26 forward premium by hourly wind generation (MW) decile before and after virtual bidding. 

The negative MW number reflects in-plant use of wind farms; ; ▲ and ■ denote statistically 

significant means (p-value < 0.05) based on a two-tail t-test. 




