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Abstract

We explore intraday transaction records from NASDAQ OMX Commodities Europe from January
2006 to October 2013. We analyze empirical results for a selection of existing realized measures of
volatility and incorporate them in a Realized GARCH framework for the joint modeling of returns and
realized measures of volatility. An influential bias in these measures is documented, which motivates
the use of a flexible and robust methodology such as the Realized GARCH. Within this framework,
forecasting of the full density for long horizons is feasible, which we pursue. We document variability
in conditional variances over time, which stresses the importance of careful modeling and forecasting
of volatility. We show that improved model fit can be obtained in-sample by utilizing high-frequency
data compared to standard models that use only daily observations. Additionally, we show that the
intraday sampling frequency and method have significant implications for model fit in-sample. Finally,
we consider an extensive out-of-sample exercise to forecast the conditional return distribution. The
out-of-sample results for the Realized GARCH forecasts suggest a limited added value from using
“traditional” realized volatility measures. For the conditional variance, a small gain is found, but for
densities the opposite is the case. We conclude that realized measures of volatility developed in recent
years must be used with caution in this market, and importantly that the use of high-frequency financial

data in this market leaves much room for future research.
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1 Introduction

Over the past decades, the availability of high-frequency financial data has opened a new
field of research and paved the way for improved measurement, modeling, and forecasting of
volatilities and co-volatilities (see Barndorff-Nielsen and Shephard (2007), Andersen et al. (2009),
and Hansen and Lunde (2011) for recent surveys). Recently, complete records of transaction
prices have become available for a range of derivative contracts that have the system price on
power in the Nordic countries as underlying reference.! These financial products, and similar in
other regions, have emerged in the aftermath of the liberalizations in numerous countries and
regions. The Nordic countries were the pioneers in the 1990’es, and today the price setting in
all Nordic physical spot markets, with actual delivery of power, is handled by Nord Pool Spot
(NPS). Spot markets have been an active field of study in the academic literature (see Higgs
and Worthington (2008) for a recent survey), whereas the financial markets have caught less
attention. NPS serves as underlying reference for financial futures, forwards, and options traded
on NASDAQ OMX Commodities Europe (NOMXC). The financial contracts were introduced in
1995 motivated by a need for hedging possibilities for market participants exposed to price risk.

We make three main contributions to the literature. First, we are the first to study and use
tick-by-tick data at the highest available frequency in this market. Specifically, we investigate the
liquidity in the NOMXC and conduct an analysis of the most liquid derivative products traded;
the base load forwards (referred to as NOMXC forwards in the following).> Most previous
research conducted on this data use a daily, or lower, resolution (e.g., Benth and Koekebakker
(2008) or Bauwens et al. (2012)). To the best of our knowledge, only Haugom (2011, 2013) and
Haugom et al. (20114,b, 2012) have used equally spaced 30-minute intraday prices in this market.
Haugom et al. (2011a,b) calculate the realized variance, the realized bi-power of Barndorff-
Nielsen and Shephard (2004), and the realized outlyingness co-variation of Boudt et al. (2011).
Using these measures in different time-series models they compare the ability to forecast one-
step ahead in-sample with that of traditional GARCH models with and without explanatory
market measures. We investigate the added value from sampling at higher frequencies, which
in many cases are a necessity for the validity of a realized volatility measure (i.e., 30-minute
sampling is often too low as also pointed out in both Barndorff-Nielsen and Shephard (2004)
and Boudt et al. (2011)). Also, as we will show, one must be cautious with the evaluation of
models using different proxies for the true, unobservable volatility due to an inherent bias in

“traditional” realized volatility measures.’

IWe refer to “electric power” as “power” throughout.

2Strictly speaking, the contracts are swaps, as they specify an exchange of a fixed cash flow (the forward price)
for a floating cash flow (the underlying reference) over a settlement period. We follow the NOMXC terminology.

3For example, Haugom et al. (2011a) use the 30-minute realized variance as proxy for the true unobservable
volatility. In Section 3.4, we show that the realized variance is a biased proxy in this market.
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Second, we show that the inclusion of intraday information and the use of novel econometric
methodologies improve the modeling and forecasting of volatilities in an important branch
of the energy markets. We utilize the information contained in realized measures of volatility
to estimate the conditional variance of daily returns within the Realized GARCH framework
of Hansen et al. (2012a). We find that Realized GARCH models that utilize the information
in realized ex-post measures of volatility outperform the benchmark GARCH type models in-
sample. The Realized GARCH framework is itself dependent on the realized volatility measure
being used. This is used to provide guidance for the optimal sampling frequency and method.
Furthermore, in some cases even better in-sample performance can be obtained by including
multiple realized measures of volatility.

Third, we are the first to consider empirical out-of-sample forecasting in the Realized GARCH
framework beyond one day. We present out-of-sample forecasts up to 40 business days of both
the conditional return variance and return density. We find that the superior performance in-
sample does not fully manifest itself out-of-sample. The added value is limited for volatility
forecasts and non-existing for density forecasts.

Overall, our work shows that by means of the Realized GARCH framework one can in a
simple way obtain more precise volatility estimates and short term predictions for the NOMXC
forwards, but that the use of realized measures of volatility should be tailored to the market.

In our opinion, power markets are distinct and require further analysis on their own. The
importance is demonstrated in for example Geman and Roncoroni (2006), Escribano et al. (2011),
and Veraart and Veraart (2013) for spot prices. Contrasting these studies, our data set is from the
derivatives market. We expect, and find, that these prices behave more as traditional financial
assets than the spot price that has a very special structure in power markets (see e.g.Veraart
and Veraart (2013)). Derivatives on flow commodities, such as power, are often settled against
an average of the spot price over a specified delivery period. That is easily contracted for
futures and forwards contracts and in the option space classified as Asian options. Consequently,
futures and forwards stop trading before the delivery period, which creates the need for rollover
between consecutive contracts in order to analyze continual time series.* Intraday, the derivative
contracts trade as in other markets. This creates potential also for speculation. For the specific
contracts analyzed in this paper the trading activity counts almost 1,000, 000 transactions over
our sample period from January 2006 to October 2013. Our results are of major importance
for producers, utility companies, and other participants in the power sector. These agents are
exposed to the physical spot market for power, and the financial products traded on NOMXC
provide important tools for hedging the risk inherent. The financial products provide protection
to rapidly changing prices and to others they are vehicles for portfolio diversification. In active

risk and portfolio management, volatility estimates, and in some situations the full return

A discussion of this topic can be found in the Online Appendix.
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distribution, are needed for traditional Markowitz portfolio theory, calculation of hedge ratios,
value at risk (VaR) estimates, and so forth. Further, volatility estimates are needed in the pricing
of options written on these products, which trade both on NOMXC and over-the-counter.

The paper is organized as follows. Section 2 introduces the history of, and the products
traded on, NOMXC and related markets. Section 3 presents the data and how how we our handle
it. Then it briefly introduces the realized volatility measures used, investigate their properties,
and analyzes the continual series at the daily frequency. Section 4 presents the econometric
methodology used, the Realized GARCH framework, and Section 5 presents estimation results.
In Section 6 we perform regular and bootstrapped rolling-window forecasting and evaluate
volatility predictions from the models using Mincer-Zarnowitz type regressions, and using the

predictive likelihood for evaluation of the full density. Section 7 concludes.

2 The Financial Market for Nordic Power

Wholesale power markets were liberalized in numerous countries beginning in the early 1990s.
The non-storability of power creates a need for real-time balancing of locational supply and
demand, which in most countries rely on an independent transmission system operator (ITSO).
The ITSOs are non-commercial monopolies that operate the high-voltage grids and secure the
supply of power through the regulating markets.® In regulating markets, prices are volatile
and most market participants seek to forecast production or demand in order to take positions
beforehand, bilaterally or through pools. Optimally, only discrepancies between the expectations
and actual needs are settled in the regulating market. NPS is a pool and operates a day-ahead
double auction market, Elspot, where market participants submit supply and demand no later
than noon the day before the energy is delivered to the grid. A market system clearing price for
all hours in the following day is calculated and announced.” The system clearing price from the
NPS is the underlying reference price for a range of derivative contracts traded on NOMXC,
where the participants contract for the delivery of power ranging from a few days to years
ahead.® NOMXC is exchange-based, but also bilateral or broker-based OTC trades are registered,
and for some products one or more market makers post two-sided quotes in the order book.
We consider the set of base load forward contracts traded on NOMXC with the NPS system

5In the Nordic countries the ITSOs are Energinet.dk, Statnett, Svenska Kraftnat, and Fingrid. The ITSOs maintain
the system and manages provision, contracting, and infrastructure for all needed activities.

6 Actual consumption may exceed production and the frequency of the alternating current falls below the target
(50 Hz in this region). The ITSO procures “up regulating” (as opposed to “down regulating” in the opposite case).

"Furthermore, due to grid bottlenecks, bidding areas develop such that different regions in the Nordic countries
are exposed to different prices in some hours. To further reduce the exposure to the balancing market, a cross-border
intraday market, Elbas, opens two hours after the closure of NPS and closes one hour prior to the operation hour.
The organization of physical exchanges varies between regions, and we limit ourselves to this brief and simplified
exposition of the Nordic market. See www.nordpoolspot.com for details.

80riginally introduced as Eltermin by Nord Pool in late 1995, which among other entities was acquired by
NASDAQ OMX in 2008 and merged into NOMXC, the exchange is among the leading and most liquid exchanges in
the world for financial derivatives on power.



clearing price as the underlying reference. This is by far the most liquid subset of the traded
products. Market participants enter into contracts with a specified delivery period; monthly,
quarterly or yearly, and contracts kept until expiry are settled financially on every clearing
day during this period. No physical supply or receipt of power occurs. Prices are quoted in
EUR/MWh, and each contract specifies delivery of a continuous flow of power during the
delivery period of IMW.? Monthly contracts trade until the last trading day before the specified
delivery period, and settlement is spot reference cash on every clearing day during the delivery
period. Quarterly contracts are cascaded from yearly contracts and into monthly contracts
on the last trading day before the specified delivery period.!? All settling of accounts takes
place through NOMXC, and the two parties involved do not know each others identity, but
the settling is guaranteed by NOMXC. Swedish Vattenfall acts as market maker on base load
forward contracts with commitments to continuously quote buy and sell prices in the order

book within a maximum spread determined by volatility and price levels.!!

3 Data

We have available transaction data for all contracts traded on NOMXC in the period 2 January
2006 to 25 October 2013 delivering 1966 distinct trading days. The information contained in the
data files and our data handling is relegated to the Online Appendix. The left part of Table 1
sorts according to deal source and category. The most traded contracts are among the base load
futures and forwards. The trade in peak loads is limited, and also options are rarely traded. We
exclude the OTC trades as the time stamps are often imprecise. This makes them unfit for an
intraday analysis. Also, the transaction prices of OTC trades are often unreliable.!2 Focusing
on exchange-traded base load futures and forwards alone leaves 960, 256 transactions. From
the right part of Table 1 quarterly contracts are seen to be the most traded, and the futures
are the least traded. With liquidity deemed important, we limit ourselves to consider the most
traded contracts, the forwards. In the period 2 January 2006 to 25 October 2013, the specifications
(delivery period, contract size, currency quote, etc.) of the forwards have remained unchanged.
Further, the opening hours of the exchange have remained the same and no half trading days

are present.

9The structure of traded derivatives has changed several times since the market opening but has remained

unchanged since January 2006. Also, contracts with a delivery period prior to 2006 were quoted in NOK/MWh.

19¥early contracts are cascaded into quarterly contracts three trading days prior to the delivery period.

115ee NASDAQ OMX Commodities (20114) for details on traded products, and NASDAQ OMX Commodi-
ties (2011b) and NASDAQ OMX Commodities (2011c) for details on trading and clearing on NOMXC. Also, see
nordpoolspot.com, nasdaqgomxcommodities.com, and eex.com for further details on this Section.

12As an example, the ENOMMAR-08 contract was traded to 1 EUR/MWh and 528.6 EUR/MWh at the same time
on 11 February 2008 implying that the trade may have been a part of a bigger deal.
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Table 1: Overview of transactions in derivative contracts traded on NOMXC.

Product OTC Exchange Length of
Specification Transactions Transactions Delivery Period Transactions

Base 271,875 951, 654 Day (future) 8,602
BaseDay 443 8,602 Week (future) 47,337
CfD 30,437 17,941 Month (forward) 148,310
Option 4,947 23 Quarter (forward) 568,275
Peak 36 54 Year (forward) 187,732
307,738 978,274 960, 256

The sample period is 02 January 2006 to 25 October 2013. Left part: Number of transactions sorted according to
DealSource (OTC: Over The Counter, Exchange) and MainCategory (Base: forward and future base load contracts with
a weekly, monthly, quarterly, or yearly delivery period, BaseDay: future base load contracts with a daily delivery
period, CfD: Contract for Differences, Option: European call and put (written on quarterly forwards), Peak: forward
and future peak load contracts with a weekly, monthly, quarterly, or yearly delivery period). Right part: Number of
exchange transactions in future and forward base load contracts sorted according to length of delivery period.

3.1 Realized Measures of Volatility

We consider a collection of realized measures of volatility, which we briefly introduce in this
section. We follow the implementation of the authors of the original papers as closely as possible
and omit detailed descriptions of each estimator in the interest of space. Intraday log-returns are

defined from the log-prices at time ¢, p;, by

rt*],,m = pt*j,m - pz}—l,m’ j=1,...m,

and calculated from intraday log-prices spanning the period 8:00 AM to 15:30 PM (the hours
the exchange is open). Here, subscript index j refers to the (possibly) irregular spaced sequence
of the raw data series at day ¢, i.e., we partition the interval [0, T] into m sub-intervals. The

standard realized variance of p* is defined as

RV(™ =y (r;m)z,

m

j=1
which yields a precise estimate of volatility when prices are observed continuously and without
measurement error (see, e.g., Protter (2005) and Barndorff-Nielsen and Shephard (2002)). RV*(m)

is ideal, but infeasible as p* is latent. For the observable price process, p, we observe on day ¢ the
RV based on m intraday returns, which is generally inconsistent for the quadratic variation of the
latent price (see, e.g., Zhang et al. (2005)). We consider various versions of RV (") := ¥ | (rj/m)z ,
where 7}, is the observed intraday return, that is a noisy proxy of r]*m We take t,,,j =0,...,m,
to be equidistant in calender time, i.e., calendar time sampling (CTS), which we implement using

previous-tick interpolation (see Hansen and Lunde (2006)). Under CTS, we write RV (xs¢¢) when
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d;m = x seconds, and we make use of simple one-minute sub-sampling, which is indicated in the

subscript, e.g., RVS(SSOOSEC) 13 Finally, we consider the realized variance based on all tick-by-tick

returns, RV (tick)

To the best of our knowledge, the sensitivity of the realized variance to market frictions has
not been studied for NOMXC forwards. Thus, we include the realized kernels of Barndorff-
Nielsen et al. (2011), which is a broad set of estimators designed to be robust to most types of

frictions. In the univariate case with time gap J,, > 0 they are given by

m h m
K(pénx) = Z k < ) rh/ rh = Z rt‘mrt i—h),m’
W= H+1 i j (j=h),

where k (x), for x € R, is a non-stochastic weight function and T, is the hth realized auto-
covariance. We follow the suggestions in Barndorff-Nielsen et al. (2011) with respect to the
jittering of the initial and final time points each day, the selection of the optimal bandwidth, H,

for the recommended “non-flat-top Parzen” kernel as the choice of k (x), and for the estimation
(Rv(tick) / (ZN) )

Ry T005ed] 14 We refer to this simply as the realized

of the noise-to-signal-ratio &2 by ¢ =
kernel (RK). All realized volatility measures were based on cleaned transactions data following
Barndorff-Nielsen et al. (2009). Section 3.3 presents stylized facts for the realized volatility

measures.

3.2 Stylized Facts for the Price Process at the Daily Frequency

The existing literature on modeling and forecasting volatility in power futures and forwards
has mainly utilized observations at a daily frequency (see e.g. references in the introduction
and also Malo and Kanto (2006), Benth et al. (2008a), and Pen and Sévi (2010)). The classical
GARCH framework often utilizes daily returns (or lower frequencies) to extract information
about the current and future level of volatility. To motivate the application of GARCH models
we document in this section the common stylized facts of financial series at the daily frequency:
unpredictability of returns, volatility clustering, leptokurtosis, asymmetries, and so forth. In the
Realized GARCH framework we use r{“ and r{° to denote open-to-close and close-to-close daily
returns at day ¢, respectively, with realized measures of volatility denoted by x;. Open-to-close
returns are the daily changes in the logarithm of the first and last transaction price each day, and
close-to-close returns at time ¢ are the daily changes in the logarithm of the last transaction price
at time t — 1 and t. The information set is then given by F; = {rf, ri, x;, 19,7 |, x,-1,...},
which is richer than in the conventional GARCH framework.

In Figure 1 we present the continual monthly, quarterly, and yearly series in levels, and in

Figure 2 the daily changes in the logarithm of these, i.e., the close-to-close returns, all at the

13See the Online Appendix for an explanation of our use of sub-sampling.
1/
14We set H = c*&/5m’/®, where c* = {k” (0) /k(}"} "and k0 = Ji k(x)* dx.
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daily frequency using the selected rollover schemes. We refer to each of these series as the “first
nearby” in the following. Returns that straddle a rollover date are indicated as a black dot.
The level series, covering different delivery horizons, have similar patterns over time, but with
changes more pronounced in the contracts with shorter delivery periods. A possible reason

being that contracts close to delivery are more affected by news and changes in fundamentals.

Pl

EUR/MWh

>

10 p;» Monthly First Nearby p;> Quarterly First Nearby p;, Yearly First Nearby =~
0 | | | | | | |
2006 2007 2008 2009 2010 2011 2012 2013
Trading Day

Figure 1: Time series in levels of base load forwards traded on NOMXC. The sample period is 02 January 2006 to 25
October 2013 and results are reported at a daily frequency.

In Figure 2 we encounter periods with large changes in absolute sense (volatility clustering),
and the daily changes appear more erratic for the monthly series and less for the yearly. Returns
that straddle rollover dates are “extracted” from the series for clarity. Some are large in absolute
value, but a periodic pattern is only partly evident. For example, the monthly rollover returns
are mainly positive from late spring and then turn negative in the first months each year. The
quarterly rollover returns have a similar pattern. However, the changes are quite different from
year to year.

In Table 2 we present summary statistics along with various diagnostic tests. Rollover returns
are omitted from the close-to-close returns as test statistics are sensitive to large observations.
Excluding rollover returns in r{° removes the largest observations (in absolute sense) such that
the minimum, the maximum, and the kurtosis are roughly similar for r{ and r{°. Thus, the
information flow outside the market opening hours does not generate large (absolute) price
changes, which would show up as outliers in r{ (if present they are damped over the trading
day). On the other hand, r{¢ has a slightly higher standard deviation and is as such more volatile.
Normality is clearly rejected in all cases by the Jarque-Bera test. This was expected for the skew
level series and the slightly skew and leptokurtic returns. We are unable to reject the presence of
auto-correlation for the month and year contracts, which motivates an ARMA structure for the

conditional mean and indicate some degree of return predictability for the less liquid series. The
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Figure 2: Log-returns of base load forwards traded on NOMXC. The sample period is 02 January 2006 to 25 October
2013, and results are reported at a daily frequency. The top row presents the monthly first nearby, the middle row the
quarterly first nearby, and the bottom row the yearly first nearby. Returns that straddle a rollover date are indicated as

a black dot (some observations are outside the chosen range).
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small empirical auto-correlations for the quarterly contracts render the returns unpredictable.
For the squared series the null of no auto-correlation is readily rejected in all series, which points
towards the presence of (G)ARCH effects and the possibility of volatility prediction. For the
price levels we are unable to reject the presence of a unit root.!> The presence of a unit root is

readily rejected for all return series.

Table 2: Descriptives and diagnostic tests for base load forwards traded on NOMXC.

Levels Open-to-Close Returns Close-to-Close Returns

Month Quarter Year Month Quarter Year Month Quarter Year
Mean 42.479 43.915 43.814 —0.072 —0.020 —0.011 —0.132 —0.089 —0.006
Median 41.350 41.350 42.850 0.000 0.000 0.000 0.000 0.000 0.000
Min 16.250 22.860 27.600 —8.931 —13.911 —9.118 —16.705 —15.649 —9.639
Max 90.500 83.000 69.700 11.035 11.902 8.829 15.536 13.090 8.413
Std.Dev. 12.506 11.416 7.251 2.150 2.063 1.389 3.006 2.587 1.674
Skewness 0.588 0.686 0.801 0.140 —0.096 —0.007 0.007 —0.173 —0.346
Kurtosis 3.315 3.170 3.338 5.376 6.309 8.088 5.574 5.500 6.710
Jarque — Bera 121.298** 156.462** 219.401** 468.787** 900.002**  2120.618** 542.596** 521.351**  1166.055**
ACF(1) 0.991** 0.991** 0.993** 0.084** —0.026 —0.070** 0.102** 0.043 0.045**
ACF(2) 0.980** 0.982** 0.986** —0.003 —0.022 —0.089** 0.024 —0.014 —0.047%*
ACF(4) 0.957** 0.963** 0.974** 0.002 —0.001 0.067** 0.004 —0.002 0.032
ACF(5) 0.947** 0.955** 0.967** —0.043 —0.035 —0.048** —0.005 —0.007 —0.010
Q(4) 14.002** 2.348 34.402** 23.133** 4.523 10.661*
Q(12) 30.216** 12.134 60.362** 27.878** 15.300 16.133
Q%*(4) 196.006**  102.457**  434.828** 103.498** 87.817**  261.881**
Q2(12) 514.890** 359.910** 836.419** 258.359** 335.990** 692.223**
Aug.DF* —0.834 —0.759 —0.461 —40.663**  —45.461"* —15.462**| —39.935"* —42.375**  —32.090**
Aug.DF* —2.848 —-3.151* —2.396 —40.695**  —45.454**  —15.472**| —39.992** = —42411** —32.082**
Aug.DF*® —2.900 —3.302 —2.902 —40.711**  —45.484** —15.570"*| —40.003** —42.422** —32.110*
#Obs 1966 1966 1963 1966 1966 1963 1965 1965 1962

The sample period is 02 January 2006 to 25 October 2013. The Jarque-Bera (JB) tests the null of normality and ACF(L)
the empirical auto-correlation function at lag L (only lag lengths with estimates significantly different from zero for
one or more of the returns series are shown). Q(L) is the Ljung-Box test of no auto-correlation in up to L lags and
Q?(L) is the Ljung-Box test on squared log-returns to test for homoscedasticity. The augmented Dickey-Fuller (DF)
tests use automatic lag selection (by the Akaike Information Criterion) and have a DGP and an estimated model in
the ADF-regression with no deterministic trends (Aug.DF*), no deterministic trend in the DGP but a constant and a
time-trend in the estimated model (Aug.DF*), and a constant or time trend in the DGP and both in the estimated
model (Aug.DF®). Two asterisks indicate rejection at 1 percent significance level (for ACF that the estimate is outside
the 95 pct. confidence band), and one asterisk rejection at the 5 percent level.

3.3 Stylized Facts for the Realized Volatility Processes at the Daily Frequency

In this section we present selected stylized facts for the realized volatility measures. We limit the

exposition to the quarterly first nearby. Overall, the realized volatility measures considered are

1500
Vs(s sec) as

similar in shape and magnitude, and highly correlated. Figure 3 shows the RK and R
an example for the period 2 January 2012 to 25 October 2013 with dates of roll-over highlighted.

15This holds across all specifications of the DGP and the model in the ADF-regression using augmented Dickey-
Fuller tests with automatic lag length selection.
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Supplementary figures and tables with summary statistics for a broader range of measures
and their correlation matrix are relegated to the Online Appendix. The so-called Samuelson
effect is often claimed to be present in energy markets (see, e.g., Benth et al. (2008b)), which
motivates a time-to-maturity dependence in a GARCH equation. However, we were unable
to detect a significant relationship in our exploration of the realized volatility measures using
different regression setups, and visual inspection of Figure 3 does not suggest that the volatility
is consistenty increasing as the rollover date comes closer.!® On the other hand, the realized
volatility measures reveal that a leverage effect may be present.!” For example, the average of
the realized kernel is 3.4 on days with negative returns, but 3.0 on days with positive returns.

This is further explored in Section 4.

10° ¢ : T . . . 3
: ! ! ! RV(900 se) RK - — —- Rollover ]
| | | I I I I
; | | | | | | |
10 ¢ | i i i i i |
' i i i i | i
| i |
10° | | | |
i i i i i i
i i i i i i i
il | i, | i, | | |
2012-01 2012-07 2013-01 2013-07

Date

Figure 3: Time series for the realized kernel and the 15-minute sub-sampled realized variance for the continual first
nearby of base load forwards traded on NOMXC. The sample period is 02 January 2012 to 25 October 2013. Results

are reported at a daily frequency.

3.4 Testing for a Bias between 7{“ and the Realized Volatility Processes

Our main object of interest is the conditional variance h; = Var [r; | F;_1 |. The realized volatility
measures presented above are for other asset classes often considered good proxies for h;. As

we will now show, this is not the case for NOMXC forwards. In general, the underlying price

l6Parameter estimates in different functional forms of the deterministic time-to-maturity, e.g. exponential, were
similarly found to insignificant from zero when included in the GARCH-equation (see Section 4). The lack of evidence
of the Samuelson effects are also found in Haugom (2011).

17We refer to the leverage effect as the asymmetry in volatility following big price increases and decreases, respec-
tively. In the classic Black 76" leverage story an increase in financial leverage level leads to an increase in equity
volatility level with business risk held fixed. A financial leverage increase can come from stock price decline while
the debt level is fixed. In energy markets there is evidence of a so-called inverse leverage effect. The volatility tends to
increase with the level of prices, since there is a negative relationship between inventory and prices (see for instance
Deaton and Laroque (1992)). Little available inventory means higher and more volatile prices. A similar economic
interpretation does not apply in the forward market, where a leverage effect, if present, must be contributed to
different investor behavior for prices moving up and down, respectively.
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process and market microstructure noise is not well understood for NOMXC forwards, and
we are concerned that the direct use of them in traditional time-series models (as it is done
in e.g. Haugom et al. (20114,b, 2012)) limits the validity of several central results. Testing the
many different assumptions and building modified realized measures for this particular market
is not the purpose of this paper. We seek to utilize the information contained in traditional
realized measures of volatility without jeopardizing the validity of our results. The methodology
presented in Section 4 achieves this, and the realized kernel is used as a robust measure that uses
all available tick-by-tick data. To evaluate model performance in Section 6 only a bias between
r{¢ and the realized volatility processes is a concern. Following Hansen and Lunde (2005), Table

3 presents regression results for selected kitchen sink regressions of the form
(T’?C)z — Xt = ﬁ'Zt =+ Uy

Panel A uses only a constant (i.e. Z; = 1) as regressor and confirms the existence of a bias. (r?c)2 is
a noisy, but an unbiased measure of h{°. Thus, Panel A clearly reveals that x; is a biased measure
of h{°. Panel B has Z; = (Dyont, Diuets Dwedts Diutr Dpriy), which consists of five weekday
indicator functions. Panel B reveals that the bias is most severe on Mondays. For most realized
measures the bias is decreasing Monday-Thursday and slightly higher on Fridays relative to
Thursdays. Panel C has Z; = (Q‘l“/tCF , Q‘z“,tCF P g‘fP ), where we define Q}‘}EF =1 {ACF(1),er;}
forj=1,...,5,t=1,...T,and L1, I, I3, I4, and I5 is the segmentation of support for the first-
order auto-correlation of intraday (non-zero) returns using the 20%, 40%, 60%, and 80% empirical
quantiles.'8 Panel C reveals interesting differences among the realized measures. The realized
kernel eliminated the bias for the largest positive auto-correlation, but suffers in the mid-range
like the others. In particular, the bias is large between the 60% and 80% quantiles. RV (%) has
the largest bias among all measures except for the days with the smallest (most negative) auto-
correlation. The realized variances are similar with sub-sampling, and the bias gets smaller for
more sparse sampling as expected. Next, Panel D has Z; = (Qll\f?bs, é\{fl’s, een, gffbs) , Wwhere we
define Q}\’/[’bs = 1{Nobs,€1j} forj=1,...,5,t=1,...T,and I, I, . .., and I5, is the segmentation
of support for the number of intraday transactions using similar quantiles as before. Interestingly,
the bias is larger for days with more observations, where we expected the realized measures
to perform better. Finally, Panel E has Z; = ( ‘f:‘, |2r:|, ceey Q|1r5;|>, where we define QJ‘T;C‘ =
1{|rOC|t€Ij} forj=1,...,10,t =1,...T,and I, I, ..., and Iy is the segmentation of support
for the daily absolute open-to-close returns. A bias arise for returns around zero and for large
returns.

It is beyond the scope of this paper to go into more detail. We provide Table 3 for further
research. Also, Figure 4 illustrates the intraday price paths for two days with a large transaction

count, and Figures A.3-A.5 in the Online Appendix shows the time-span of each trading day,

1811 Panel B, the quantiles are —0.070, 0.014, 0.082, and 0.171. In Panel D, the quantiles are 113, 156, 204, and 269.
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Table 3: Kitchen sink regressions for the bias (r%¢)* — x;.

Measure: RK RV RV RV RVis RV RV RV RV RV
Frequency: Tick Tick 5min  15-min 30-min 5-min  15-min  30-min  60-min  120-min

Panel A: Regression on a Constant

B 1.082 1.707 0.997 0.921 1.040 0.955 0.750 0.835 0.801 0.686
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

Panel B: Regression on Weekday Dummies

B1, Dmon,t 3.200 3.944 3.181 3.048 3.080 3.094 2.816 2.738 2.535 2.248

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

B2, Diye,t 0.838 1.480 0.723 0.654 0.790 0.681 0.482 0.699 0.703 0.469
(0.022) (0.000)  (0.053) (0.068) (0.019)  (0.059) (0.171) (0.041) (0.033) (0.133)

B3, Duweq; 0806 1485 0673 059 0764 0637 0471 0530  0.466 0.437
’ (0.029) (0.000)  (0.062) (0.097) (0.032)  (0.081) (0.194) (0.155) (0.199) (0.160)

Ba, Dyt 0.133 0.769 0.092 0.026 0.118 0.099 —0.089 —0.060 —0.048 0.023
’ (0.707) (0.027)  (0.778) (0.934) (0.694) (0.763) (0.767) (0.813) (0.870) (0.930)

Bs, Dy 0492 0918 0379 0341 0504 0324 0128 0321 0398 0297
’ (0.032) (0.000)  (0.109) (0.133) (0.023)  (0.173) (0.561) (0.132) (0.049) (0.096)

Panel C: Regression on Intraday Autocorrelation Quantiles

Bi, QCF 0809 0484 0381 0519 0670 0402 0375 0408 0631 0512
’ (0.029) (0.196) (0.267) (0.118) (0.030) (0.237) (0.207) (0.110) (0.044) (0.039)
B2, QCE 0580 0639 0453 0491 0555 0455 0452 0520  0.648 0572
¢ (0.113) (0.080) (0.203) (0.169) (0.109) (0.200) (0.211) (0.120) (0.041) (0.031)
Bs, QYCF 0586 0763 0534 0474 0484 0484 0361 0368 0214 0.024
¢ (0.079) (0.032) (0.106) (0.138) (0.116) (0.144) (0.262) (0.241) (0.484) (0.933)
Bs, QfCF 1000 1525  1.008 0967 1057  1.005 0858 ~ 0942  0.833  0.986
’ (0.040) (0.003) (0.037) (0.087) (0.015) (0.037) (0.064) (0.034) (0.053) (0.004)
Bs, Q4CF 0055 1327 0356 0063 0125 0292 0073 —0.145 —0.130 —0.213
¢ (0.902) (0.009) (0.434) (0.888) (0.769) (0.526) (0.866) (0.733) (0.759) (0.581)

Panel D: Regression on Intraday Transaction Counts
B, Q{\,}fbs 0.091 0.273 0.050 0.003 0.124 0.052  —0.076 —0.032  0.036 0.135

(0.683) (0.267) (0.830) (0.991) (0.587) (0.812) (0.738) (0.892) (0.864) (0.414)

Ba, Qg’;’bs 0.174 0.517 0.138 0.082 0.218 0.118 —0.102 0.037 0.109 0.198
’ (0.399) (0.019)  (0.506) (0.679) (0.271) (0.568) (0.587) (0.830) (0.517) (0.151)

B3, QNObs 0105 0143 0034 0131 0144 —0.006 0144 0109 0027 0027
g (0.711) (0.633) (0.906) (0.633) (0.594) (0.985) (0.597) (0.672) (0.914) (0.906)

B4, Qfl\]tobs 0.854 1.354 0.941 0.779 0.768 0.946 0.739 0.853 0.838 0.649
’ (0.157) (0.033)  (0.114) (0.171) (0.144) (0.105) (0.199) (0.112) (0.113) (0.193)

Bs, Qg’;’bs 2.660 3.124 2.457 2.373 2.289 2.433 2.377 2.077 1.822 1.144
' (0.005) (0.002) (0.009) (0.008) (0.007) (0.008) (0.007) (0.016) (0.030) (0.118)

Panel E: Regression on Daily Returns

B1, QT’); 1.721 2.146 1.681 1.570 1.481 1.726 1.132 1.082 0.922 0.543

(0.002) (0.000) (0.028) (0.034) (0.011) (0.037) (0.034) (0.014) (0.022) (0.012)
B2, Q;ft —0.890 —-0.854 —-0.924 —-0964 —-1.091 -0907 —-1356 —1370 —1.375 —1.063
. (0.085) (0.110) (0.209) (0.179) (0.051) (0.259) (0.008) (0.001) (0.000) (0.000)
B3, Qg’t —0.885 —-0.868 —0.902 —-0.888 —1.025 —-0.862 —1.218 —1.232 —1.193 —0.769
’ (0.123) (0.132) (0.244) (0.248) (0.099) (0.302) (0.035) (0.009) (0.006) (0.000)
ry°

—0442 —0335 —0422 —0394 —0481 —0385 —0737 —0.821 —0.696 —0.758

Pa Q4’t (0.396) (0.530) (0.568) (0.582) (0.384) (0.633) (0.153) (0.057) (0.073) (0.000)
Bs, Qg‘t —-0474 -0389 —-0479 —-0470 —-0.505 —0.447 —-0.802 —0.801 —0.876 —0.710
’ (0.400) (0.495) (0.535) (0.532) (0.392) (0.594) (0.142) (0.072) (0.039) (0.001)

, Q1 -0933 -0.738 -—-1.011 -0973 -0.721 —-1.084 —-0.708 —0.529 —-0.376 —0.060
Ps 6’t‘ (0.057) (0.160) (0.161) (0.164) (0.175) (0.170) (0.136) (0.156) (0.263) (0.631)
Bz, Q;’t 0.155 0.519 0.057 0.010 0.155 0.013 —0.091 —0.036 0.088 0.172
’ (0.393) (0.003) (0.787) (0.963) (0.455) (0.952) (0.670) (0.861) (0.665) (0.389)

Bs, Qg 1150 1871 1156 1076  1.070  1.135 1.037 0.901 0.504 0.391
4 (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.001) (0.114) (0.195)

Bo, Q;ft 2.782 4.062 2.868 2.842 3.008 2.746 2.580 2.660 2.512 2.294
4 (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

Bo, Qfy, 1810 2008 1802 1726 1675  17.84 1648 1601 1486 1133
4 (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

Parameter estimates for four kitchen sink regressions with p-values in parenthesis. Estimates that are significantly
different from zero at the 5% level is marked in gray. The sample period is 02 January 2006 to 25 October 2013.
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the daily transaction counts and realized volatility measure fractions for each day in our sample.
Both days shown in Figure 4 happen to have a strong intraday momentum, which manifests

itself as a bias between (r?c)2 and realized volatility measures.
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Figure 4: Intraday Price Paths for NOMXC forwards on 07 April 2008 (left) and 14 January 2010 (right). All
transactions are illustrated in black, and the price paths resulting from four different calendar-time sampling schemes
are in gray. The squared open-to-close return on 07 April 2008 was 46.1%, and on 14 January 2010 it was 36.2%.

4 Econometric Methodology

We propose modelling returns and realized measures of volatility jointly within the Realized
GARCH framework introduced in Hansen et al. (20124). The key variable of interest is the
conditional variance hi; = Var [r; | F;_1 ]. In the Realized GARCH framework, /1; depends on its
own (truncated) past, as it is the case for GARCH models, but as opposed to lagged squared
returns, the Realized GARCH incorporates a realized measure of volatility (or a vector of these),
x¢. As such, the model defines a class of GARCH-X models as in Engle (2002) and Barndorff-
Nielsen and Shephard (2007), where x; is exogenous. However, an additional equation that ties
the realized volatility measure to the latent volatility completes the model, and the dynamic
properties of both returns and the realized measure are specified. This enables the modeling and
forecasting multiple steps ahead of both volatilities and return densities.

The flexibility of the Realized GARCH framework enables us to quantify the contribution
from a standard usage of realized measures of volatility despite the peculiarity of the NOMXC
forwards pointed out in Section 3. The Realized GARCH framework can be compared to nested
and more standard GARCH models, which provides an elegant way to certify possible benefits
from utilizing high-frequency data in a particular market. In applications, Hansen et al. (20124)
showed with DJIA stocks that the Realized GARCH class led to substantial improvements in in-
sample and out-of-sample empirical fit. Similarly, we can verify the potential in the unexplored

transaction data considered in this paper without jeopardizing our ability to compare and
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evaluate. We present below the specifications used in the up until now limited literature covering
Realized GARCH type models.

4.1 A Small Review of Realized GARCH Models and Terminology

Hansen et al. (20124) introduced the Realized GARCH framework in its general form with the
addition of a measurement equation to the usual return and GARCH equation. Their empirical
contributions focused on the linear Realized GARCH and, primarily, a logarithmic Realized
GARCH shown in the left and middle panel below. Later, Hansen and Huang (2012) introduced
the Realized Exponential GARCH model with K realized measures of volatility shown in the

right panel. For hy = log h; and %y ; = log xi; we have,

Realized GARCH Realized LGARCH Realized EGARCH
re =+ lizi, re=ur+ /25, re= e + /2y,
h=w+Bh1+9x-1, h=w+Bh1+7% 1, fit = w + Bhy_1 + 7 (z) + Y1,
Xp=C+Qhi+6(ze) +up Fr=C+ @l +0 (1) Fur Xrp = + @iy + Ok (z4) + gy

We will refer to these as the Realized GARCH (RG), the Realized LGARCH (RLG), and the
Realized EGARCH (REG), respectively. To model market returns, Hansen et al. (2014) used a
version of the Realized LGARCH with a leverage function in the GARCH equation similar to
the Realized EGARCH. They also named their model the Realized EGARCH, but it is important
to notice that this is a restricted version of the Realized EGARCH of Hansen and Huang
(2012). Important differences are that RLG and REG are specified in logarithms, REG introduces
leverage in the GARCH equation and incorporates the measurement equation differently than
the two other models. As shown in Hansen and Huang (2012), the RLG is nested in the REG by
imposing proportionality of the leverage equations and setting their relative magnitude to .
Hansen et al. (20124) found that a simple second-order polynomial form for the functions
T (z¢) and & (z;) provides a good empirical fit, and that logz? was inferior to z2. We will
adopt this structure and set 7 (z;) = 7'a; and S(k) (zt) = &b, k =1,...,K, where a; = by =
{ z z2—1 }/. E[t(z)] =0and E [5(,() (zt)} =0,k =1,...,K, for any distribution of z; as long
as E [z;] = 0 and Var [z;] = 1. We adopt a Gaussian specification and assume that z; ~ N (0,1)
and u; ~ N (0, Z,) with z; and u#; mutually independent. This is motivated by the empirical fact
that realized volatility is approximately log-normal and that returns standardized by realized
volatility are close to normal, respectively. We standardize returns by the conditional variance,
which incorporates the realized measure. The Gaussian specification may be too restrictive
and for that reason we compare regular and bootstrapped forecasts in Section 6. The Gaussian
specification is not crucial to the estimation, and as such we follow Hansen and Huang (2012)

and apply a QMLE approach to assess the precisions of the parameter estimates.
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The “intercept” ¢ and “slope” ¢ add flexibility to the measurement equation, which is
required when we link realized measures of volatility that span a shorter period than the return.
Similarly, this flexibility will capture the bias found in Section 3. As long as x; and h; are roughly
proportional we should expect ¢ ~ 1 and ¢ < 0. The presence of z; in the measurement equation
provides a simple way to model the joint dependence between r; and x;. Tying the realized
measure to the conditional variance is nicely motivated by the fact that the mean equation
implies that log r? = log h; + log z7, and because x; is similar to 77 in many ways, albeit a more
accurate measure of h;, one may expect that logx; ~ logh; + f (z;) + errory. This motivates
a logarithmic measurement equation, which further makes a logarithmic GARCH equation
convenient. A logarithmic specification automatically ensures a positive variance, and as log 2,
does not appear in the GARCH equation (it is replaced by log x;_1) zero returns do not cause
havoc for the specification.

The auto-correlation documented in Table 2 for some of the series motivates the inclusion of
auto-regressive terms in i, and rollover dummies or other exogenous terms can similarly be
included. In Section 5.4 we seek to accommodate the rollover effect on returns. Otherwise, we
assume market efficiency and a refinement of the mean equation is left for future research. In
the GARCH equation we investigate the benefits of multiple lags, inclusion of a leverage effect,
and one may as for the mean equation extend the range of specifications further by inclusion
of exogenous variables in the GARCH equation. In the measurement equation the inclusion of
multiple realized measures of volatility is a neat way to show the superiority of some measures

over others, which we pursue in Section 5.3.

4.1.1 Benchmark Models

We compare both in-sample and out-of-sample model performance to simple benchmark models.
REG has a GARCH equation similar to an EGARCH-type model, which motivates the benchmark
GARCH equation,

Et = w+,813t_1 + T(Zt) .

The log-likelihood function of REG can be expressed to make it directly comparable to the
log-likelihood function of this nested EGARCH-type model. Therefore, we can easily detect
whether realized measures of volatility lead to improved empirical fit. In-sample in terms of
the log-likelihoods in optimum, which is the goal of Section 5, and out-of-sample in terms of
the forecasting performance, which is the goal of Section 6. Lastly, in Section 6, we include a
standard GARCH model and a logarithmic GARCH.

16



4.2 Estimation

The estimation of Realized GARCH models follows Hansen et al. (2012a) and Hansen and
Huang (2012). The quasi log-likelihood function is given by

(r,x;0,%,) = (10g27r—|—flt +22 + K -log 27 +log |Z,| —i—uQZ;lut) .

1
2

T
=1
where |Z,,| is the determinant of the matrix X, and 6 is the model parameters. We treat the initial
value of the conditional variance as unknown. The value of £, that maximizes the likelihood
among the class of all symmetric positive definite matrices is £, (8) = L ¥/, u; () u} () , and
as Y[ u; (0) £, (0) 'u) (6) = tr {Zthl £,(0)  u (0)u (6)} = TK, which does not depend on

0, we can express the objective function as

T
0(r,x0,£,(0)) o 1 Z [hy +zz] — Ilog ]ﬁu (0)].
t=1 L,_./

This reduces the parameter set that the optimizer has to search over and, using C-based MEX-files
for the recursive filter, the optimization is completed in a few seconds.' If one is only interested
in one-step ahead modeling, specifying the measurement equation becomes redundant and the
parameters in the model are further reduced. Standard GARCH models do not model x4, so the
log-likelihood we obtain for these models cannot be compared to those of a Realized GARCH
model. However, the expression for the log-likelihood above proves useful in this respect as
¢ (r) is a partial log-likelihood, which is directly comparable to the log-likelihood of standard
GARCH models.

5 Estimation Results

We present selected estimation results for the Realized GARCH framework in four steps. First,
Table 4 is a comparison of RLG, REG and its nested EG. Secondly, Table 5 presents estimation
results for RLG with a range of specifications and using different realized volatility measures.
Thirdly, Table 6 presents results for RLG with multiple measurement equations, and finally,
Table 7 shows results for model specifications that account for the rollover returns. We limit
the discussion to the quarterly first nearby and focus primarily on close-to-close returns.?
Open-to-close returns are used only for the specifications in Table 4 to highlight characteristics

of the parameters in the measurement equation. The realized measure of volatility being used is

19We tried different initial values and made sure results coincided. Overall, the optimization is fairly robust.
20The quarterly contracts are of particular interest as they are the more liquid subclass of forwards and because
they serve as the underlying asset for exchange-traded options.
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indicated in each table. We follow the terminology of Section 4 and indicate in parenthesis the

number of lags of the conditional volatility and the realized volatility measure, respectively.

5.1 Realized LGARCH, Realized EGARCH, and EGARCH

As stated in Section 4, both RLG and EG is nested in REG. The purpose of this subsection is
twofold. First, we want to verify the first evidence of a gain from using realized measures of
volatility for NOMXC forwards by comparing REG to EG. Second, we want to test (in-sample)
the restrictions RLG imposes. We do not include RG as this was done in Hansen et al. (20124)
in-sample, but we do include it out-of-sample in Section 6. Table 4 shows estimation results
for EG, REG, and RLG for open-to-close returns in columns 1-3 and close-to-close returns in
columns 4-6, respectively.

For EG and REG, the key take-away is the rather large improvement in the partial log-
likelihood, ¢ (r), for both open-to-close and close-to-close returns. Also, 71 is significantly larger
than zero. We conclude that using information contained in the realized kernel do lead to an
improvement in in-sample model fit.

For RLG and REG, the key take-away is a mixed gain from the increased flexibility of REG.
For open-to-close returns, the improvement in the partial log-likelihood, ¢ (r), and the full
log-likelihood, ¢ (r, x), is significant using likelihood ratio tests, but for close-to-close returns
it is not. For close-to-close returns, the added flexibility introduce challenges to the numerical
optimizer and the extra parameters of REG are insignificant.?! We conclude that RLG should
be used for close-to-close returns, which we utilize in the following subsections. In Section 6
we include both specifications to investigate the importance of the flexibility for out-of-sample
forecasting.

At this point, it is worth giving a few comments to the parameters in REG and RLG. Overall,
they are all of expected magnitude and in line with results for individual stocks in Hansen
et al. (2012a) and Hansen and Huang (2012). ¢ is negative and of a much larger magnitude for
close-to-close returns. ¢ is close to one for both. The estimates of the leverage parameters J; and
07 are similar to the ones reported in Hansen et al. (201242) and Hansen and Huang (2012) and
describe an asymmetric volatility response to positive versus negative shocks. On the contrary,
the estimates of the 77 parameter are insignificant from zero, whereas 1, (the “ARCH-term”)
is significant only for open-to-close returns. The realized measure loadings, 1, are large and
the typical GARCH effects, 81 for RLG and B; (1 — 1) for REG, are of a smaller magnitude
compared to conventional GARCH models. However, the lagged conditional volatility is still
the dominant term. These findings are in line with results for individual stocks in Hansen et al.
(20124) and Hansen and Huang (2012).

21We consider the slightly larger £ (r, x) for RLG to be a numerical fluke. Theoretically, the nested model should
of course have a lower log-likelihood in optimum.
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Table 4: Parameter estimates and log-likelihood for Realized GARCH models and EGARCH
fitted to the continual quarterly first nearby of base load forwards traded on NOMXC.

Model: EG(1,1) REG(1,1) RLG(1,1) EG(1,1) REG(1,1) RLG(1,1)
Returns:  Open-Close  Open-Close  Open-Close  Close-Close  Close-Close  Close-Close
log Iy 1.669 1.125 1.329 1.056 2.156 1.362
(0.578) (3.681) (0.350) (1.188) (0.239) (0.235)
w 0.039 0.062 0.237 0.222 0.092 0.582
(0.023) (0.005) (0.011) (0.505) (0.014) (0.073)
B1 0.968 0.949 0.572 0.904 0.957 0.617
(0.018) (0.009) (0.012) (0.217) (0.007) (0.029)
0e] 0.281 0.380 0.328 0.323
(0.017) (0.024) (0.080) (0.080)
T —0.009 —0.007 —0.058 —0.009
(0.134) (0.302) (0.076) (0.012)
™ 0.097 0.102 0.026 0.001
(0.031) (0.018) (0.114) (0.002)
¢ —0.439 —0.461 —1.496 —-1.515
(0.067) (0.043) (0.519) (0.527)
) 0.980 0.993 1.045 1.053
(0.068) (0.050) (0.264) (0.267)
o1 —0.026 —0.022 —0.054 —0.052
(0.156) (0.000) (0.003) (0.001)
by 0.155 0.154 0.009 0.008
(0.006) (0.004) (0.001) (0.000)
£(r, x) —5331.4 —5373.8 —6535.5 —6533.9
£(r) —4013.2 —3993.5 —4000.6 —5054.1 —4910.7 —4911.5

The sample period is 02 January 2006 to 25 October 2013. EG denotes the conventional EGARCH, REG the Realized
EGARCH, and RLG the Realized LGARCH with the choice of lags of By and % in parenthesis. Columns 1-3 use
open-to-close returns and columns 4-6 use close-to-close returns. The realized kernel (see Section 3.1) is used as our
realized measure of volatility. Robust standard errors in parenthesis are calculated from the sandwich estimator

using the numerical scores and the Hessian matrix of the log-likelihood function.

5.2 Realized LGARCH Specifications and the Realized Volatility Measure

Table 5 shows estimation results for RLG, but includes also richer specifications. The realized
volatility measure used is indicated in the superscript with information about sampling fre-
quency stated below. First, focusing on the log-likelihood, the richer specifications in column 1-3
gives small improvements compared to column 4-5. However, these differences are dwarfed by
the differences between ¢ (r, x) for models using different realized measures. 7 is remarkably
small for models using the realized variance sampled at high frequencies. This indicates that the
linear relationsship given in the measurement equation fits the data better for these measures.
However, focusing on the partial log-likelihood, columns 6 and 7 have the most negative ¢ (r),
and is therefore outperformed by both the realized kernel and the realized variances using more
sparsely sampled data. Also, the last column shows results for a model using a non sub-sampled
realized variance, which leads to a reduced model fit as measured by both ¢ (r,x) and ¢ (r).

Measured by / (r), sparse sampling is clearly preferred and maximized for 2 hour sampling.
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Second, focusing on parameters, the estimates for the measurement equation are close to
those of Table 4. We find 7, < 0 and significant, which is in line with Hansen et al. (20124).

Again, v is large, and decreasing in sampling frequency for the realized variance.

5.3 Realized LGARCH with Multiple Measurement Equations

The Realized GARCH framework provides an elegant way to incorporate multiple realized
measures of volatility and verify superiority of some over others. We are especially interested
in the performance of the realized kernel relative to the different realized variances. Table 6
present results. Again, the realized measures being used are indicated in the superscript. They
are all standardized to allow for direct comparison of the realized measure loadings.?? Several
parameter estimates are omitted to conserve space. 7} corresponds to the realized kernel, and

VS(ZZOO sec) , which indicates

9% to the respective realized variances. We find ] < 73 except for R
that the realized variances for high and moderate sampling frequencies are more informative
about ; than the realized kernel. We deduce from Table 6 that the 15-min sampling frequency is
optimal in the range of frequencies considered both from % and ¢ (r, x). Again, RVS(ZZO0 sec) gives

best results for ¢ (). Column 6 confirms our recommendation of sub-sampling from above.

5.4 Accounting for the Rollover Returns in the Realized LGARCH

Lastly, we want to assess the effect on the in-sample fit from separating out the roll-over returns.
Let d; take the value one if a roll-over occurred between day t — 1 and ¢, and zero otherwise, and
let p; be the price on day ¢ of the contract in our continual series.?> We seperate out the roll-over
returns by incorporating the indicators d; - I {pt<pt71}and de- 1 (pr>pia)- In column 1, 3,and 5 in
Table 7 the indicators are only in the mean equation, #; and #,, whereas column 2, 4, and 6
present results for specifications that incorporate both indicators also in the GARCH equation, 773
and 774. Column 1 and 2 show results for RLG(1,1)RK and the specification is similar to column 5
in Table 5. Column 3 and 4 show results for RLG(1, 1) with a 15-minute sampling frequency
and apart from an autoregressive term (and the rollover indicators, of course) the specification
is similar to column 8 in Table 5. Column 5 and 6 are similar to column 3 in Table 6.

The key-take away from Table 7 are the large and significant estimates of the rollover
parameters in the mean equation, and the large increase in both ¢ (r, x) and /¢ (r), when compared
to the abovementioned specifications. 7; is large and positive and 7, is large and negative as
expected. Only a small further increase is obtained by including #3 and 74, and they are in some

cases not significantly different from zero.?*

22Which makes it infeasible to compare the diagonal elements of £, with the estimates of &5 in Table 5.
2BThus, if d; = 1, pr and p;_1 will be the price of to different forwards (and on two consecutive days, of course).
24Collapsing 173 and 74 to one parameter does not change conclusions.
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Table 6: Parameter estimates and log-likelihood for the Realized LGARCH model with multiple
measurement equations fitted to the contiual quarterly first nearby of base load forwards.

Model  RLG(1,1)RKRV  RLG(1,1)RKRVs  RLG(1,1)RKRVss  RLG(1,1)RKRVs  RLG(1,1)RERVs  RLG(1,1)RERV

Fregency: Tick 5-min 15-min 30-min 120-min 5-min
B1 0.520 0.537 0.564 0.592 0.627 0.550
(0.025) (0.033) (0.040) (0.033) (0.029) (0.032)
;93 0.201; 0.280 0.174;0.274 0.136; 0.322 0.199; 0.248 0.304;0.134 0.219;0.219
1N
(0.058) (0.041) (0.074)" (0.054) (0.115)" (0.077) (0.069) (0.055) (0.052)" (0.037) (0.086) (0.073)
£(r, x) —5921.7 —5601.6 —5494.7 —5739.7 —6813.8 —5820.9
£(r) —4914.4 —4916.7 —4909.9 —4909.8 —4901.4 —4915.9
$ 0.20 0.15 0.20 0.17 020 0.17 0.20 0.17 020 0.14 0.20 0.18
! 0.15 0.16 0.17 0.19 0.17 0.18 0.17 0.18 014 0.22 0.18 0.20

%, is the estimated second moment of #; as outlined in 4.2. The models use the realized kernel and a realized variance
as indicated in the superscript using tick time sampling or calendar time sampling with sampling frequency as stated

(see Section 3.1). See Table 5 for further information.

Table 7: Parameter estimates and log-likelihood for the Realized LGARCH model with rollover
dummies for the quarterly first nearby for base load forwards traded on NOMXC.

Model RLG(1,1)RK RLG(1,1)RK RLG(L,)R%  RLG(1,1)®%  RLG(1,1)RERVss  RLG(1,1)RKRVss

Freqency: Tick Tick 15-min 15-min 15-min 15-min
11512 11.477;-9.561 11.433;-9.549 11.234;-9.655 11.190;-9.646 11.463;-9.716  11.420;—-9.702
(1.801)  (1.261) (1.828)  (1.267) (1.758)  (1.270) (1.772)  (1.266) (1.744)  (1.277) (1.765)  (1.272)
B1 0.599 0.608 0.561 0.569 0.541 0.550
(0.018) (0.019) (0.022) (0.024) (0.021) (0.023)
'y}; 'y% 0.308 0.306 0.337 0.336 0.129;0.297 0.129; 0.296
(0.035) (0.033) (0.035) (0.035) (0.029) (0.031) (0.038) (0.032)
135 14 —0.185; 0.158 —0.134; 0.194 —0.127;0.189
(0.050) (0.124) (0.043)  (0.094) (0.045) ~ (0.090)
£(r,x) —6268.8 —6265.4 —6217.5 —6214.9 —5229.8 —5227.1
£(r) —4673.7 —4670.2 —4673.2 —4669.7 —4674.5 —4671.1

See Table 5 and 6 for table information.

6 Forecasting

The Realized GARCH framework presented in Section 4 enables us to construct multi-step
predictions of volatilities and return densities. We discuss this for RG, RLG, and REG. To the
best of our knowledge we are the first to (empirically) consider multi-step predictions of both
volatility and return densities in the Realized GARCH framework. We limit ourself to the case of
one measurement equation and p = q = 1. Generalizations are straightforward. For volatilities,
we use open-to-close returns for the estimation of a selection of models to compare with common

time-series models that work on realized measures directly. For comparison, the nested GARCH,

22



LGARCH, and EGARCH models are included along with logarithmic versions of an ARMA-
model, an ARFIMA-model, and the HAR-model of Corsi (2009).2> The ARFIMA-model and the
HAR-model allow us to explore the issue of long-memory in volatility. We consider forecasting
performance from k = 1 to k = 40 steps ahead corresponding to a forecasting horizon ranging
from 1 day to approximately two months. Results are evaluated using Mincer-Zarnowitz type
regressions using both the squared open-to-close returns and a sparse sub-sampled realized
variance as proxy for the true, unobservable volatility.?® For return densities, we are inspired
by Maheu and McCurdy (2011), who build a bivariate model to assess whether high-frequency
measures of volatility improve forecasts of the return distribution. Our purpose is similar. For
this part, we use close-to-close returns, which would be the relevant series in practice for, e.g.,

the calculation of value-at-risk.

6.1 Volatility Forecasting

Volatility point forecasts are easy to obtain in the Realized GARCH framework owing to the fact
that the vector ;1 can be represented as an ARMA(1,1) system. Substituting the measurement

equation into the equation for the corresponding conditional moment one obtains
flt_,_l =C+ Aflt + Bey,

where the terms depend on the model as stated in Table 8. Parameters and residuals follow from
the estimation up until time f. Additionally, we include results for restricted models, where

@ = 1 as discussed in Hansen and Huang (2012), and for é; = d, = 0.2

Table 8: Components in the k = 1 forecasting equation for the conditional variance.

Model Et+1 A B C €
Realized GARCH (RG) hor  Brve v v ] w+rE |G uw |
GARCH (G) B B a w o
Realized LGARCH (RLG)  loghii  B+71e | v 7|  w++c [ 6@z) w |
LGARCH (LG) log Iy 1 B a w R
Realized EGARCH (REG)  log 1 B 1] w [ t(z) w |
EGARCH (EG) log hy 41 B 1 w Cot(m)

The Realized GARCH and the Realized LGARCH are the models of Hansen et al. (20124), and the Realized EGARCH
model is from Hansen and Huang (2012). Parameters are explained in the main text. 7; is the return on day ¢ and

7y = log Tt.

25We estimated standard ARMA(1,1) and ARFIMA(1,d, 1) models using the Arfima package 1.07 for Ox (Doornik
and Ooms (2014)). The construction of multistep forecasts is explained in the Online Appendix.

26Following the results in Section 3.4, one should be careful with using realized volatility measures as proxy due
to the inherent bias.

?7Setting y = 0 as discussed in Hansen and Huang (2012) did not improve results.
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The innovation process, €;, is a martingale difference sequence, and it follows that

k-1
E(hyklhy) = A+ ) AIC,
j=0
which can be used to produce a k-step ahead forecast of /1, . For RLG and REG, and nested
models, non-linearity implies E [exp(f;)] # exp E [I;]. Forecasts of the conditional distribution
of Ity | Fi, which can be used to deduce unbiased forecasts of the non-transformed variables,
e.g., h; = exp(h;), can be obtained by simulation methods or the bootstrap. In the simulation

approach, we first generate

1
g = “ ) ~nN|o 0 , t=1,...T,
Ut 00'5

and €; can be computed. Based on S simulations we estimate h; as ¢ Yo exp(hyix). Alter-
natively, a bootstrap approach can be preferable if the Gaussian assumption concerning the
distribution of ¢, is questionable. From the estimated model we obtain residuals, ({1, ...,{7),
from which we draw re-samples instead of sampling from the Gaussian distribution. The time
series for 1y can now be generated from the bootstrapped residuals {{ f } in the same manner as
with the simulated {, }. For RG, simulations are not needed. This is a computational advantage,

but as shown below RG is rarely a preferred specification.

6.1.1 Empirical Results

Figure 5a and Figure 5b present performance results for volatility forecasting in the Realized
GARCH framework using Mincer-Zarnowitz type regressions for evaluation purposes. Regres-
sion R? are shown for each k. We take as dependent variable two volatility proxies namely the
daily open-to-close return squared (5a) and the sub-sampled 15-minute realized variance (5b).
As the independent variable we take the forecast for each k from the range of models presented
above. All models that are based on a realized measure of volatility uses the realized kernel.
For non-linear specifications we set S = 10.000 in the simulation. We take 1126 days as the
estimation window leaving 840 observations for evalution in a rolling-window setup. Such that
the first in-sample window is 2 January 2006 to 30 June 2010 constructing forecasts from 1 July
2010 to 24 August 2010. Rolling the estimation window day by day we create forecasts for the
period 1 July 2010 to 25 October 2013. 39 forecasts for each k are discarded in order to base the
Mincer-Zarnowitz regression on the same number of observations and using the same realized

values.
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0 0
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(a) R? (in %) from Mincer-Zarnowitz Regressions for squared open-to-close returns.

CORLG RLG
40 REG 1 40 ARFIMA
= RG ARMA
= HAR

0 0
1 5 10 20 30 40 1 5 10 20 30 40
Forecast Horizon k Forecast Horizon k
RLG
40 EGARCH 1 40 REG (¢ =1) b

LGARCH RLG (0 =1

= GARCH (p=1)

— — — Unconditional RG (¢ =1)

= = =REG (¢ =1, 0; = 6, =0)
RLG (p =1, 8, = 8, = 0)
- - —RG(QO=1, 61=62=0)

1 5 10 20 30 40 1 5 10 20 30 40

Forecast Horizon k Forecast Horizon k
(b) R? (in %) from Mincer-Zarnowitz Regressions for RV 00sec,
Figure 5: R? from Mincer-Zarnowitz regressions for different forecast horizons. REG is the Realized EGARCH
model of Hansen and Huang (2012), and RG and RLG the Realized GARCH and LGARCH of Hansen et al. (2012a).
Restricted versions, nested models, and pure time-series models are shown for comparison. Models using a realized

measure is based on the realized kernel of Barndorff-Nielsen et al. (2011).
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The top left hand corner of all panels shows the non-restricted versions of RG, RLG, and REG.
The area beneath RLG is filled and added to all other panels for comparison.?® The top right hand
corner shows the pure time series models that work on a realized measure directly, the bottom
left hand corner the nested models, and the bottom right hand corner the restricted models. A
few interesting observations can be made. R? for REG and RLG are very close and larger for
most k in both panels compared to R? for all other models. Measured by the R? both REG and
RLG dominates RG. For the time-series models, the Mincer-Zarnowitz regressions suggest that
the ability of RLG to capture the dynamics of the volatility proxy is slightly better than that of
the time-series models. This, and the fact the ARMA model is among the best performing of the
three for all k, reduce the suspicion of long-memory importance for volatility forecasting. On the
basis of the Mincer-Zarnowitz regressions, we conclude that REG can compete with the pure
time series models. Among the nested models, performance is mixed and dependent on proxy
and evaluation. R? is volatile for the nested models, but suggest that performance is worse than
RLG for k < 25. For k 2 25 the performance of all models converge to the performance of a
model based on the unconditional variance. Among the restricted models, the restriction ¢ =1
is not important for RG and RLG, but reduce the performance of REG. Removing the leverage
term in the measurement equation slightly improves the performance of RG for a mid-range of

k, and the performance of RLG with and without restrictions are similar.

6.2 Density Forecasting

The Realized GARCH framework has much more flexibility to provide also forecasts of the full
density to which we will now turn our attention. Thus, let fux (.| F, 6) be the k-period ahead
predictive return density of model M, given F; and 6. For the simulation based approach, we
assume that both z; and u; are conditionally Gaussian and rely on conditional analytic results
(“Rao-Blackwellization”) to obtain the conditional return density. Alas, the return density at f + k
is Gaussian with mean y and variance h; . For the bootstrap based approach, we utilize that
we have fully specified the law of motion for daily returns and the realized volatility measure.
We simulate the model out k periods S times using the bootstraps for ;. ; and a apply a kernel
density estimator to the simulated returns.?’ A popular approach to assess the accuracy of a
model’s density forecasts is the predictive likelihood (see Amisano and Giacomini (2007)). This
approach evaluates the model’s density forecast at the realized return. Intuitively, models that
fit the data better give higher density forecasts. Inspired by Maheu and McCurdy (2011) we use

the average predictive likelihood

1 T—k

D = lo r Fi,0), k>1,
M,k T_T_kmaX+1t:T+kZka ng,k(t+k| t,0)

2Thus, a model is preferred over RLG if it is above (below) the filled area for the top (bottom) panels for a given k.
2YWe use the in-build MATLAB function ksdensity with a normal kernel with the theoretical optimal bandwith.
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which we denote DJS\/’I'Z and D]lf,}”‘,’f for the simulation and bootstrap based approach, respectively.
Statistically, we can compare the ability to forecast return densities for many models in the
Model Confidence Set (MCS) of Hansen et al. (2011). This is done for every choice of k, where we
also use the time series of 1og fa x (71| Ft, 0) for t = T+ kjax, ..., T — k as the loss function for
all M. The MCS is by construction able to account for the variance of the selected loss function,

which is attractive for the bootstrap approach in particular, which is prone to large losses.

6.2.1 Empirical Results

Figure 6 shows DJS\}I”i and Dfﬁt in the left and right panel, respectively. For both, we take first for
the initial estimation the in-sample period to be 2 January 2006 to 30 June 2010 (i.e. T = 1107).3
Second, using the obtained parameter estimates, we set S = 10,000 and k;;,x = 40, and determine
log fark (14| Ft, 0) for t = T + kyuax using the simulation and bootstrap based approach for all
models. Third, we roll the estimation window one day forward and repeat the two steps. Several
interesting remarks can be made to Figure 6. First, REG and RLG is superior to RG, and RLG
performs better than REG except for k = 1. With parameter restrictions, RLG and REG is close
to be on par. ¢ = 1 is important for all models, but gains from further imposing simplifying
restrictions are observed only for RG. An important message is the good performance of the
nested EG and an ordinary GARCH. LG performs worse. Overall, we conclude that evidence in
favour of using realized volatility measures for the purpose of forecasting the return density of
NOMXC forwards is weak.

To more formally compare the forecast performance of the models we apply the MCS of
Hansen et al. (2011) in Table 9. The objective of the MCS procedure is to determine the set of
“best” models, M*, from a collection of models My, where “best” here is defined by a loss
function. Thus, one can view the MCS as a set of models that includes the “best” models with a
given level of confidence. With informative data the MCS will consist only of the best model, and
less informative data may result in a MCS with several models. We refer to Hansen et al. (2011)
for details. Overall, the MCS results confirm the visual inspection of the average from Figure 6.
For the unrestricted models, RLG is in M., except for k = 1 using bootstrapped innovations.
REG is in M;O% only for small k, and RG is clearly outperformed. Imposing restrictions is
beneficial for RLG and REG as evident from Panel B. From Panel C it is clear that dynamic
modeling of the variance is important for forecasting the return distribution. However, the
added gains from using high-frequency data is small as the nested EGARCH-type model and
the standard GARCH are consistently in My, .

30Recall, that we for this part use close-to-close returns. The deterministic roll-over returns are removed and
should be analyzed on their own.
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Figure 6: Average predictive likelihood different forecast horizons. Left panel uses simulated Gaussian innovations
and the Gaussian density, and the right panel uses bootstrapped residuals and an empirical kernel density. REG is
the Realized EGARCH model of Hansen and Huang (2012), and RG and RLG the Realized GARCH and LGARCH of
Hansen et al. (20124). Restricted versions and nested models are shown for comparison. Models using a realized
measure is based on the realized kernel of Barndorff-Nielsen et al. (2011).

28



“(1102) 'Te 12 USS[RIN-JJI0pUIeq JO [9UISY PAZI[eal A} UO Paseq ST aINSeall pazI[eal e Suisn s[poj
“uosLIeduIod J0J UMOYS aI€ S[9POW PIJSaU PUe SUOISISA PAJOLNSY "(VZ10T) ‘Te 39 UasUueL] Jo HOMVOT Pue HOAVD PazI[eay auyi HTY pue OY pue ‘(¢10g) Sueny pue
UISURL] JO [opouWl UM VO PIZI[edy] a3 ST HTY Aysuap [auray [eorduws ue pue srenprisar paddensjooq sesn [aued 3311 a3 pue ‘AJISUsp ueIssner) sy} pue SUoeAOUUL

uerssnen) pajenuis sosn [oued 3o Ysuajse ue Aq pagruapr axe %0014/ ur s1809105 S Y ‘SUOZLIOY JSBIDI0J JUIIJIP 10§ POOoYIeNI 2andIpaid ayj 105 sanfea-d SO

x680 00T 00T 980 00 000 0T'0 x990 00T 920 90 x£90 820 x660 HOYVO
0000 x9C0 «¢Z0 00 00 0000 €10 000 000 ¥0°0 00 900 x990  «0€0 HOYVO1
00T 450 x¢Z0 00 100 0000 €10 |x00'T <060 x990 xC90 «£90 820 001 HOYV O3

000 «IT0 «0F0 100 200 000 €TI0 | 000 100 %00 200 €00 800 CI0 (0=%=T1=0)0y
680  «8T0 «CL0  +S60  x940 00T <FTO [990 9S50 4860  FOO0 600 950 00 (0=%=l'1=0)0TY
00  <IT0  +TL0 00T 00T 000 00T |[x990 «CF0 870 4290 x£90 820 660 (0=%=1l'1=0d)07Y

000 800 «IC0 10°0 000 000 010 000 000 000 000 000 000 000 (1=0)oy
000 «8C0 x6¥0 00 X670 000 «¥1°0 000 x0T'0  «8C0 ¥0°0 600 x990 x0€0 (1=0)oTy
00 «8C0 20 <980  «€€°0 00 xCc0 |¥990 <060 00T 00T 00T 00T x660 (1=94)o3y
000 000 000 000 10°0 0000 V10 000 000 000 000 000 00 10 )
000 000 000 10°0 00 0000 »¥9°0 000 000 000 00 900 «£¥0  «0€0 oEN
000 «IC0 «0¥0 100 700 000 €10 000 00 800 00 900 «£¥0  «C1°0 O

Sydvuyouag ‘10Ut sjapoN 11y :D 1ouvd

0000 P10  «8CO 10°0 €00 000 800 000 10°0 €00 100 100 Y00 X910 (0=2%¢=Tlo'1=0)DYy
00T  x00T 00T 960 x£40 00T 800 [x990 x990 «5C0 €00 00 460 910 (0=%=1le'1=0)DTY
€00 x990 €40 00T 0071 000 00T [+00T 9S50 +5C0 «8C0 60 9€0 660 (0=7% =1lo'T=0d)D7Yy
000 900 P10 10°0 000 000 80°0 000 000 000 000 000 000 000 (1=20)oy
0000 x990 «8C0 100 «6¥°0 000 800 000 £00  «IC0 €00 900 €0 4910 (1=0)oT1y
€00 x990 420 <140  x£€0 00 xc1'0 |«¥80 00T 00T ~00T 00T 00T 00T (1=90)03¥
0000 710 «8CO 100 ¥0°0 000 800 000 10°0 00 00 00  xCC0 G00 O

S[OPOIN P3I14ISIY g UV

000 000 000 000 000 X910 600 000 000 000 000 000 000 020 )|
000 000 000 xcC0 «IT0 %290 001 000 000 000 490 «8€0 «I¥0 001 odd
x00T 00T 00T 00T 00T x00°T 600 [«00T 00T 00T 00T 00T 00T 980 o

S[OPOIN] Pa§o14gsaiuy) [ [ouvd
0¥ 0¢ 0¢ 01 ) [4 1 0¥ 0¢ 0¢ 0t g [4 1 A

(y8m) T pue (o)) 1t 05 siNsar SO 16 d1qeL

29



7 Conclusion

We have explored the transaction records from NOMXC from January 2006 to October 2013 and
discussed the construction of continual nearby contracts. We have estimated a range of realized
measures of volatility that have been developed mostly for stock markets, and documented
an inherent bias for the underlying volatility when applied to NOMXC forwards. This bias is
important to take into careful consideration when using realized measures to study NOMXC
forwards, and it opens an interesting area to further explore as realized measures of volatility
must be adjusted to this market. We use a selection of “traditional” realized measures of volatility
to enrich the information set of GARCH models in the Realized GARCH framework of Hansen
et al. (20124). Within this framework, we were able to validate possible gains from utilizing
realized measures of volatility, despite their bias, for the modeling and forecasting of the con-
ditional return variance. Estimations revealed a gain from utilizing data at higher frequencies
by comparing to ordinary EGARCH models, which is nested in the Realized EGARCH model
considered. Improved empirical fit was obtained in-sample as measured by the log-likelihood
and the obtained results illustrated the importance of careful volatility estimation as the level is
time-dependent but predictable. However, the out-of-sample assessment was less in favor of us-
ing realized measures. The added value was limited considering both regular and bootstrapped
rolling-window forecasts for volatility and return density forecasting. Overall, the Realized
GARCH framework was found to provide slightly better volatility forecasts than standard daily
models, which conversely in some cases provided better density forecasts. It is expected that
these results can be significantly improved with a better understanding of how to use realized
measures of volatility in this market. This is an important area to study going forward. Another
appealing extension is in the multivariate setting, where co-volatilities between the different
NOMXC forwards, and between the forwards and other energy markets such as coal, gas, and
oil, are important to many (e.g. energy and utility companies). This could for example extend
the daily analysis in Bauwens et al. (2012) to incorporate intraday data. Another interesting

venue would be to adapt the Hansen et al. (2012b) approach to the energy markets.
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