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1. Introduction

Futures markets have two important roles in financial economics theory. First, they provide
instruments for hedging risk, and second, they contribute to the price discovery process (Working,
1948). Due to characteristics such as higher liquidity, greater transparency, and lower transaction
costs, futures markets react more quickly than the underlying spot markets to new information
(Working, 1962; Black, 1976).

In this study, we explore the price discovery process along the forward curve of the WTI crude
oil futures by examining the volatility spillover effects between nearby contracts and contracts with
distant maturities. The idea of studying volatility spillover to shed light on the price discovery
process comes from the literature. Volatility is often interpreted as a proxy for information flow (e.g.
Chan et al., 1991). It is natural to be concerned with how information, and therefore volatility, may
flow from one market to another. The theory of volatility spillovers based on the GARCH models,
was first introduced and named “meteor showers” by Engle et al. (1990). Chan et al. (1991) then
provided a detailed discussion of the need to focus on volatility spillovers as an alternative measure
of information transmission. Thus, in this paper, we choose volatility spillover as an indicator of
information flow and investigate the causal relationships between volatilities along the forward
curve of crude oil futures.

As many assets are traded based on the price of crude oil futures, it is important for financial
market participants to understand the volatility transmission mechanism in the crude oil market to
facilitate optimal portfolio allocation decisions. In particular, crude oil futures are a tool financial
market participants can use to hedge against portfolio risk, and because the volatility of crude oil
prices is a key determinant of hedging effectiveness, it is important to understand the nature of the
volatility dynamics in the crude oil futures market. Furthermore, the strength of volatility spillover
may also shed light on risk management strategies.

Volatility spillovers in the crude oil futures market have been extensively examined in the
literature. Evidence of volatility spillovers among different crude oil futures, between crude oil
futures and other energy assets, and between the crude oil market and other financial markets has

been widely documented. Chang et al. (2010) examined the spillover effects among the four major



benchmarks in the international oil market, namely West Texas Intermediate, Brent, Dubai/Oman,
and Tapis, and presented some volatility spillover effects from Brent and WTI returns, and from
the Brent and WTI crude oil markets to the Dubai and Tapis markets. Ewing, Malik, and Ozfidan
(2002) examined the transmission of volatility between the oil and natural gas markets using daily
returns data. Their findings indicate that volatility in oil returns is affected by both its own
volatility and the volatility in natural gas returns, although the volatility in natural gas returns is
only affected by the volatility of oil returns and not by its own volatility.

In terms of volatility transmission between the crude oil market and other financial markets,
Soucek and Todorova (2013) investigated the volatility spillover mechanisms among the S&P 500,
WTI crude oil, and US$/EUR futures markets by applying a multivariate version of the HAR
model. The causality analysis in their study indicates that the S&P 500 futures and US$/EUR
futures volatilities lead the volatility of crude oil, which can be attributed to the financial
uncertainty emerging from the financial markets over the last decade. Also, the HAR estimation
shows that, in the case of the S&P 500 futures, the highest parameter estimate is assigned to the
own short-term volatility component, while in the case of crude oil and US$/EUR, the weekly and
monthly components seem to contain the majority of the information. Nazlioglu et al. (2013)
examined volatility transmission between oil and selected agricultural commodity prices (wheat,
corn, soybeans, and sugar). The findings indicate no volatility spillover between oil and
agricultural commodity markets before the food price crisis, whereas after the food price crisis, oil
volatility transmits to the wheat, corn, and soybean markets.

The current literature focuses on the volatility spillover effects between crude oil futures
and other financial assets; however, the volatility spillover effects have rarely been studied along
the forward curve within the crude oil market. The so-called forward curves, which are formed by
the futures or forward prices for a particular commodity for all available maturities at a given
point in time, are an essential input to the pricing models of complex energy derivatives (see
Pilipovic, 2007). The financial value of a multi-commodity position is a function of the forward
curves. As the volatility of futures prices is a key determinant of hedging effectiveness, it is

important to understand the nature of volatility dynamics along the forward curves.



In this paper, we examine the volatility spillover effects among crude oil futures with
different maturities. More specifically, we study whether volatilities have spillover effects
between the one-month and three-month contracts of crude oil futures. By describing the
interaction of the volatilities between particular points in the same forward curve, this study may
enable us to evaluate the relative informational roles of volatilities of near and distant maturities
futures and their information processing ability in the crude oil futures market.

In the broad tradition of Andersen and Bollerslev (1998), we choose realized volatility (RV)
as the measure of volatility, and study whether RV's have a spillover effect among contracts with
different maturities. Realized volatility calculated from high frequency data is easy to implement,
model-free, and lends itself to relatively parsimonious forecasting models which capture the long-
memory feature of volatility.

The methodological contributions of the present paper involve the use of high-frequency data
and recent statistical techniques for the realized measures, and to allow these to have different
impacts at different frequencies when constructing the RVs of contracts with different maturities.
To achieve this, we apply the HAR model for RV analysis, taking advantage of the superposition
of different frequencies in the model. In the HAR framework, we include RVs backed out from the
prices of contracts with a different maturity as additional regressors. We also assess the structure
of the volatility transmission using the Granger causality tests. The dataset used in this paper is the
5-min price data from the light crude oil futures covering the period from January 4, 2010 to
March 29, 2016.

We find that the daily RVs of nearby contracts have stronger power in forecasting the daily
RV of distant contracts, relative to the lagged daily RV of the latter, indicating that the one-month
futures market is more informative than the three-month futures market. In fact, the RVs of the
three-month contracts possess little additional information in forecasting the RV of the front
contracts. The results of the Granger causality tests confirm that the RVs of nearby contracts
contain important information when forecasting the RVs of distant contracts, even after

controlling for the lagged RV of the latter. However, the converse is not true. The findings support



the volatility spillover effects among contracts along the crude oil forward curve, and the direction
of the volatility spillover is from nearby to distant maturities contracts.

The out-of-sample results also provide supportive evidence for the volatility spillover from
front contracts to three-month contracts. The models using the lagged RV of front contracts beat
the standard HAR model for three-month RV. Their stronger forecasting power comes mainly
from the lagged daily RV of the front contracts.

The crude oil inventory data is released every Wednesday by the U.S. Energy Information
Administration (EIA). We have shown that the inventory announcements have a significant effect
on both the spillover effect and the magnitude of volatility. On the announcement day, the volatility
spillover between the front and three-month contracts becomes bi-directional, and the RV's become
significantly larger for both front and three-month contracts.

To check whether our findings are sensitive to the chosen model specifications, we use the
autoregressive framework on weekly RVs as a robustness check, and the findings hold closely in
the AR settings.

In addition to the methodological contributions mentioned above, this study also contributes
to the literature in the following way. Although many previous studies have explored volatility
spillovers among different energy futures (e.g., Karali and Ramirez, 2014) or between the energy
market and other financial markets (e.g., Wu, Guan, and Myers, 2010), volatility spillover effects
along the forward curve of the crude oil futures have not to our knowledge been thoroughly
examined. In this respect, our study fills this gap and sheds light on optimal portfolio allocation,
hedging effectiveness, and risk management among futures contracts with different maturities.

The rest of the paper is organized as follows. Section 2 introduces the notation and derivation
of the model. Section 3 describes the dataset used in the empirical study. Section 4 reports the in-
sample estimation results of our forecasting models, while section 5 compares the out-of-sample
performance of different forecasting models. Section 6 studies the announcement-day effect of the
crude oil inventory data on the volatility spillover and the magnitude of the RV, section 7 provides
some robustness checks, and section 8 concludes. We report some complementary descriptions of

our dataset in the Appendix.



2. The Model

A variety of models can be used to test for volatility spillover effects. One approach is to use
the time series vector autoregressive (VAR) framework formalized by Diebold and Yilmaz (2009,
2012), who model volatility spillovers using VAR models and variance decompositions, and
construct a spillover index based on return and volatility spillovers. Badshah et al. (2013) examine
the contemporaneous spillover effects among the implied volatility indices for stocks, gold, and
exchange rates. As the impulse responses of the structural VAR model suggest that the responses
to shocks originating in either gold or exchange rate volatility are seriously overestimated in
traditional VARs, they use a multivariate GARCH model to identify the causal spillover effects
among stock, gold, and exchange rate volatility.

The research on volatility spillover has increased greatly with the development of the
generalized autoregressive conditional heteroscedasticity (GARCH) model framework and its
multivariate extensions. However, the various multivariate GARCH (MGARCH) specifications
used by most studies use returns sampled at a daily or lower frequency, which results in much
noisier volatility estimates than the RV based on high-frequency data.

According to Corsi (2009), financial data show evidence of scaling and multiscaling, and
standard GARCH and stochastic volatility models are not able to reproduce all of these features.
The observed data contain noticeable fluctuations in the size of price changes at all time scales,
while standard GARCH and stochastic volatility short-memory models appear as white noise
when aggregated over longer time periods. Hence, it is important to consider the long-memory
characteristic when modeling volatilities.

The HAR model proposed by Corsi (2009) is able to reproduce this stylized fact of financial
data. The model is also parsimonious and easy to estimate. Thus, we apply the HAR model to the
RV of crude oil futures, and investigate the volatility spillover mechanisms among futures

contracts with different maturities. The most common HAR model specification considers



volatility as a linear function of daily (d), average weekly (w), and monthly (m) RVs. Based on the
basic idea of the HAR model, we derive our regression models as shown below.

Assume that M+1 evenly spaced intra-period observations for day t are available on the log

price p, ;. The continuously compounded intraday returns are

I%J b,;=Pp,, p,. ,J=L..Mt=1.T, 0

where T is the number of observation days in the sample. The RV for day t is given by

RV, =

” =1,..T. 2)

Following Corsi (2009), we also consider the RV viewed over different time horizons longer
than one day. Specifically, we make use of weekly and monthly aggregation. In our notation, the

weekly RV at day t is given by the average

18
RV, = ARV, , 3)
2l J=0
and the monthly RV at day t is given by
1 21
Mo ™22 22 o @
2l J=0

We include a set of additional regressors z, in the standard HAR-RV model for three-month

and one-month futures contracts

3 - (3) (3) (3)

[qlld t+1d =C +ngVd,t +gwRVw,t +ngVm,t + bZt + et+1d (5)
(1) (1) 1) 1)

#Vd t+1d =C +ngVd,t +‘quVW,t +ngVm,t + bZt + et+1d (6)

where z, =(z,,,2,,,...2,,) is a K-dimensional vector of the additional regressors. Among the
latter, we include the following variables in equation (5): daily, weekly, and monthly RVs backed

out from the prices of the relevant one-month futures contracts, denoted byRV;(i), RVY a

Wt’

RVS

m,t?

respectively. Similarly, we also IncludeRVdS) RV® andRV as additional
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regressors in equation (6). The motivation for using these additional regressors is to take into



account possible unidirectional or bidirectional volatility spillovers between nearby futures and
distant maturity futures.

Following such manners, our modified HAR models are

BVizna =C*9 RV +9 RV, +9 RV, + bRV, + BRV I+ bRV, )+ e, ()

dit+1d

dit+1d

n = & &) &) (3 (3) (3)
gv =C +ngI/d,t +gwRVW,t +ngVm,t + bdRI/d,t + bWRVW,t + meVm,t + et+1d (8)
where €, is the daily forecasting error. When a variable is not included in the specific

regression, bp =0,p=d,w,m or g,= 0,g =d,w,m isimposed.

As noted in Andersen et al. (2007), the logarithmic daily RVs are approximately
unconditionally normally distributed. This empirical regularity motivated Andersen et al. (2007) to
model the logarithmic RVs, in turn allowing for the use of standard normal distribution theory.
The same transformation has been applied in many other studies, such as Koopman, Jungbacker
and Hol (2005), and Martens, van Dijk, and de Pooter (2004). Guided by the same idea, we also

use the logarithmic HAR-RV models. The logarithmic models to be estimated are as follows.

3) - (3) (3) (3)
InRV —c+gdlnRVdI +gwlnRVW't +gmlnRmet

dit+ld

©)
1 (1) (1)
I;I-bd lnRVd't + bw lnRle + bm lnRVm’t +te. .
InRVE),, =+, IRV +g, IRV +g, InRV.? w0

(3) (3) (3)
I;I-bd lnRVd,t + bw lnRVwI + bm lnRVm,t +e..
As before, bp =0,p=d,w,m or g,= 0,9 =d, w,m isimposed when a variable is not

included in the specific regression.
3. Data

In this study, we use the 5-min price data from the crude oil futures markets covering the period
from January 4, 2010 to March 29, 2016. Our data include the transaction price of one-month, two-

month, and three-month contracts and we interpolate the missing values.! All of the price data are

1 We interpolate the 5-min price series of two-month and three-month contracts, and the percentages of missing
values interpolated are 0.044% and 1.205%, respectively. The percentages of missing prices before and after the
interpolation are reported in the Appendix.



from Tick Data Inc.

Our work is based on the advances in model-free volatility measurements using high-frequency
data (see for example Nielsen and Shephard, 2007). We compute the daily RV measure using the
intraday data, and aggregate the daily RV at weekly and monthly scales to have comparable RV
measures over different horizons.

Table 1 provides the summary statistics for the unconditional distribution of the daily RVs of
contracts with maturities. In particular, for each RV series, we report the sample mean, median,
standard deviation, skewness, kurtosis, and the p-value of the Jarque-Bera test for normality. The
distributions of the RVs are skewed to the right and leptokurtic relative to the normal distribution,
as indicated in the fifth and sixth rows in Table 1. The Jarque-Bera statistic rejects the null
hypothesis of a Gaussian distribution for each RV series at the 1% significance level.

Table 1 RV summary statistics

1-month contract  2-month contract 3-month contract

Mean 0.013 0.013 0.013
Median 0.012 0.011 0.012
Std. dev. 0.007 0.006 0.006
Skewness 1.564 1.508 1.626
Kurtosis 6.359 6.178 7.213
JB stat. 0.001 0.001 0.001
Obs. 1594 1594 1594

Notes. This table reports the descriptive statistics for the realized volatilities of contracts with
different maturities. Specifically, for each RV series, we report the sample mean, median, standard
deviation, skewness, kurtosis, and the p-value of the Jarque-Bera test for normality. The sample
covers the period from January 4, 2010 to March 29, 2016. The last row reports the number of
trading days.

We also use this dataset to generate the out-of-sample forecast. A rolling window method is
employed to obtain the forecast series. Specifically, we use an initial window consisting of 450 daily
observations to estimate the first set of coefficients, and obtain the first out-of-sample one-step
ahead forecast. Thereafter, the estimating sample rolls by adding a new observation and dropping
the first observation in the previous window. The results are reported in section 5.

4. In-Sample Estimation



Following the recent literature on RV, we can consider all of the terms in equations (7) and (8)
as observed and then estimate their parameters by applying linear regression. The standard OLS
regression estimators are consistent and normally distributed. To account for the possible presence
of serial correlation and heteroscedasticity in the data, we use the Newey-West covariance
correction. We also estimate the logarithmic HAR models in equations (9) and (10), and the results
are reported for comparison.

Table 2 shows the estimation results for the HAR-RV model on the RVs of three-month crude
oil futures contracts. We report the coefficient estimates, the t-statistics based on standard errors
computed after the Newey-West adjustment for the serial correlation of order 20, and the adjusted
R2. Panel A reports the results for models using the RV levels, and panel B reports the results for
the logarithmic settings.

In panel A, the result of the standard HAR model is reported in column 1, which is similar to
that of previous studies for other assets (see for example Corsi, 2009). Next, the one-month daily
RVs are added to the information set at time t in the standard HAR regression (column 2). When the
three-month monthly, weekly, and daily RVs are included together with the daily RVs of front
contracts, the three-month daily RV coefficient becomes insignificant, and the daily RV of front
contracts becomes the most significant regressor in both the economic and statistical sense.
Furthermore, the adjusted R? improves when using the one-month daily RV as an additional
regressor. In column 3, when the three-month daily, weekly, and monthly RVs are included with
those of front contracts, both the three-month daily and weekly RVs lose their forecasting power;
however, the daily RV of front contracts still contains important forecasting information. The results
shown in panel B are very similar to those of panel A, and the logarithmic models are superior in
model fitness, as indicated by the larger adjusted R? s.

Table 2 provides strong evidence that the RVs of the nearby contracts contain additional
information when forecasting the RVs of distant maturity contracts. In fact, the results in Table 3
indicate that the RVs of distant maturity contracts possess little additional information when
forecasting the RVs of nearby contracts.

Specifically, Table 3 shows the results for the augmented HAR-RV model for one-month crude

10



oil futures. When adding three-month daily, weekly, and monthly RV to the standard HAR model

for front-contract RVs as additional regressors, neither of the coefficients of the three-month RV

shows any significance (columns 2 and 3). As expected, the magnitude and significance of all of the

coefficients of the one-month RV are hardly affected. Furthermore, the adjusted R? of the above two

columns are almost unchanged compared with that of the standard HAR model for front-contract

RV (column 1). The findings hold closely in panel B.

Table 2 HAR-RV estimation for three-month contracts

3 3
R I/d(,t-)i-ld In R Vd(,zild
(1) 2) 3) “4) (5) (6)
C 0.001 0.001 0.001 C -0.228 -0.288 -0.362
(3.102)  (4.443)  (4.105) (2.972)  (-3.881)  (-4.182)
RY® 0.260 -0.010 0.028 InRV® 0.232 0.003 0.063
i (4.439)  (-0.258)  (0.887) 4 6.421)  (0.063)  (1.451)
RY® 0.400 0.344 0.149 InRy® 0.364 0.345 0.134
' 7.5 5.75 . ! 5. . .

w 13 8 1.148 wi 266 4.842 1.196
RVO 0.277 0.218 0.345 InRY® 0.358 0.310 0.157
™ (4.645)  (4.142)  (2.229) ™ (5.249)  (5.641)  (1.378)
Ry 0.348 0.298 InRy® 0.282 0.182
t (7.398)  (6.318) t (7.199)  (4.727)
RYO 0.219 InRY® 0.281
Wi (1.766) w (2.622)
RYO -0.141 InRy® 0.107
mt (-0.962) mt (0.910)
Adj.R?  0.595 0.609 0.609 Adj. R2 0.670 0.680 0.684

Notes. This table reports the in-sample estimation results of the HAR-RV model for three-month

futures data. Panel A reports the results for models using the level of realized volatilities, and panel

B is for the logarithmic settings. The sample covers the period from January 2010 to March 2016,

including 1594 daily observations. The t-statistics reported in parentheses are based on the standard

errors computed after the Newey-West adjustment for the serial correlation of order 20. The last

row of the table reports the adjusted R2.

Table 3 HAR-RYV estimation for one-month contracts

@
R I/vd,t+ld

@
InR Kl,tﬂd
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(1) @) 3) “4) ®) (6)

c 0.001 0.001 0.001 c -0.191 -0.168 -0.162
(2.664)  (2.629)  (2.761) (-2.791)  (-2.425)  (-2.171)
Ry 0.334 0.320 0.310 In Ry 0.233 0.182 0.193
i (7.026)  (6.834)  (6.900) 0 (6.888)  (4.590)  (4.346)
Ry 0.400 0.399 0.429 In RV 0.448 0.437 0.389
wi (6.669)  (6.618)  (4.733) "E(10.393)  (10.199)  (5.417)
Ry 0.218 0.219 0.239 InRY® 0.280 0.278 0.299
mt (4.628)  (4.679)  (1.740) ™E(6.826) (6.844)  (3.112)
RV 0.016 0.027 InRV® 0.069 0.055
' (0.545)  (0.877) ! (1.611)  (1.240)
RO -0.033 InRV® 0.057
Wi (-0.409) w (0.830)
RV -0.024 InRVO -0.026
m (-0.170) ' (-0.264)
Adj.R?  0.693 0.693 0.693 Adj. R? 0.710 0.710 0.710

Notes. This table reports the in-sample estimation results of the HAR-RV model for the front
contracts of crude oil futures. Panel A reports the results for models using the level of realized
volatilities, and panel B is for the logarithmic settings. The sample covers the period from January
2010 to March 2016, including 1594 daily observations. The t-statistics reported in parentheses are
based on the standard errors computed after the Newey-West adjustment for the serial correlation
of order 20. The last row of the table reports the adjusted R2.

To formally test the direction of the volatility spillover effects, we apply the Granger
causality tests to test for causality between the RV's of nearby and distant maturity contracts. The
results are presented in Table 4. Panel A shows whether the RV of front contracts cause the RV's
of three-month contracts, and panel B shows the converse. Specifically, Table 4 reports the F-
statistics for the joint significance tests of the coefficients of daily, weekly, and monthly RV in the
first column, based on the estimated model (7) for panel A and (8) for panel B.

In panel A, the Granger causality tests reject the null hypothesis of no causality from one-
month to three-month RV at the 1% level for both specifications. However, as shown in panel B,
the test for the null hypothesis of no causality from the three-month to one-month RV cannot be
rejected for any specification. Hence, we can conclude that there is a unidirectional Granger

causality running from the one-month to the three-month RV. The results of the Granger causality
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tests confirm that the RVs of nearby contracts contain additional information when forecasting the
RVs of distant maturity contracts, whereas the converse is not true.

Table 4 Granger causality tests

Panel A R I/d(,?t’zrld InR Vd(jlld
20.423 23.674

RVY RVO RVY INRVY, InRVY, InRVY
' (0.000) ! ’ ’ (0.000)
Panel B R I/;illd InR Vd(,lt)+1d
0.123 1.125

RVO RVE RV INRV®, InRVY, InRVY
' " (0.947) ! ' ' (0.338)

Notes. This table shows the results of the Granger causality tests between the RVs of front
contracts and three-month contracts. Specifically, the first column reports the F-statistics for the
joint significance tests of the coefficients of daily, weekly, and monthly RV based on the
estimated model (7) for panel A and (8) for panel B. The p-values based on the F-distribution are

reported in parentheses.

The findings so far show that the daily RVs backed out from the prices of nearby contracts
contains incremental information in forecasting the subsequent daily RV of distant maturity
contracts, relative to the RV of the distant maturity contracts. When added to the standard HAR
model, the daily RV of nearby contracts completely subsumes the information content of the daily
RV of the distant maturity contracts. The adjusted R? also improves markedly. On the contrary, the
RV of distant maturity contracts possesses little additional information when forecasting the RV of
nearby contracts. The results of the Granger causality tests confirm that the RVs of nearby
contracts contain additional information when forecasting the RV of distant maturity contracts,
but that the converse is not true. The findings support the volatility spillover effects among
contracts with different maturities, and the direction of the volatility spillover is from nearby to

distant maturity contracts.

5. Out-of-Sample Evaluation

To further explore the gain in forecast accuracy using our forecasting model which considers

13



the volatility spillover effect along the crude oil forward curve, we compare the out-of-sample
performance of different predictive models. A rolling window method is used to obtain the
forecast series. Specifically, we use an initial window consisting of 450 daily observations to
estimate the first set of coefficients and obtain the first out-of-sample forecast value. Thereafter,
the estimating sample rolls by adding a new observation and dropping the first observation in the

previous window. The forecasting models we use for comparison are listed below.

3) - (3 (3) (3)
éVd,ﬁld =C +ngVd,t +gWRVW,t +ngVm,t + € i1a (11)

3 = (3) (3) (3) (1)
év - C+ngVd,t +gwRVW,t +ngVm,t + bdR]/d,t + e

dt+1d t+1d ( 1 2)

BV, =g RV 4G RV +g RYE) s bRV +B RO+ b RV ve

dt+ld

W — €Y &y (1)
‘§V =C +ngVd,t +gwRVW,t +ngVm,t + eﬁ‘ld (14)

|§V(1) =c+g RV "'QWRVM(,? +g RV + bdRVd(i') +e

dt+ld t+1d (15)

1) = 1) 1) (1) (3) (3) (3)
|§Vd,t+1d - C+ngVd,t +gwRVw,t +ngVm,t + bdRVd,t + waVw,t + meVm,t + et+1d (16)

The root mean squared errors (RMSE) and mean absolute errors (MAE) are used as evaluation
measures and the results are reported in Table 5. Specifically, columns (1)—(3) in panel A report the
results for models (11)—(13) and columns (4)—(6) in panel B are for models (14)—(16). The values
reported in panels A and B are the ratios of the evaluation measures relative to columns (1) and (4),
respectively.

Table 5 Out-of-sample forecast results

Panel A Panel B
(1 (2) (3) 4) (5) (6)
RMSE 1.0000 0.9786 0.9822 1.0000 1.0011 1.0045
MAE 1.0000 0.9861 0.9900 1.0000 1.0011 1.0071

Notes. This table reports the measures to evaluate the out-of-sample forecasting performance of
different predictive models. The evaluation measures are the root mean squared errors (RMSE)
and the mean absolute errors (MAE). Columns (1)—(3) in panel A report the results for models
(11)—(123) and columns (4)—(6) in panel B are for models (14)—(16). The values reported in panels
A and B are the ratios relative to columns (1) and (4), respectively. The smallest value in each row

is marked in bold.
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The results in panel A show that the RV of the front contract possesses additional information
when forecasting the subsequent RV of three-month contracts. The ratios in columns (2) and (3) are
all less than one. The model using the daily RV of the front contract as an additional regressor
performs the best in forecasting the RV of three-month contracts, indicating that the daily RV of
front contracts contributes the most to improving forecast accuracy. However, the RV of three-
month contract does not help in forecasting the RV of the front month contract, as the ratios in

columns (5) and (6) are all larger than one.

6. Announcement Day Effect

The U.S. Energy Information Administration (EIA) releases the crude oil inventory data after
10:30 a.m. every Wednesday. We examine the announcement effect of the inventory data on the
direction and strength of the volatility spillover along the forward curve by adding an interaction

term for the announcement day dummy and the previous spillover term. The forecasting models are

as follows, where B(t +1d = Wednesday)=1.

3) = (3) (3) (3) 1) (1)
|§Vd,t+1d - C+ngVd,t +gwRVw,t +ngVm,t + blRVd,t + bZDXRVd,t te

t+1d

ﬁvm =c+g, RV;;) g Rijj + ngVrfff + blRVd(;J + bZDXRVd(i) +e

d+1d t+1d

We also consider the impact of newly released inventory data on the level of crude oil
volatility. Announcement day dummies are added to the model as intercepts to detect whether
volatility on the announcement day is significantly higher than on other trading days. The

forecasting models used here are listed as follows, and again B(t +1d = Wednesday)=1.

RV, =c D g RV +9, RV +g, RV + bRV +

dt+ld t+1d

3) = (3 (3) (3) (1) (1) (1)
|§Vd,t+1d - C+D+ngVd,t +gwRVw,t +ngVm,t + bdRVd,t + waVw,t + meVm,t + et+1d

1 = 1) (1) (1) (3)
[§Vd,t+1d - C+D+ngVd,t +gwRVw,t +ngVm,t + bdRVd,t + 6't+1d

®n = (1) (1) (1) (3) (3) (3)
|§Vd,t+1d - C+D+ngVd,t +gwRVw,t +ngVm,t + bdRVd,t + waVw,t + meVm,t + et+1d

Table 6 Announcement day effects on three-month contracts
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(3
R Vd,t+1d

(D ) (3)
. 0.001 0.001 0.001
(4.329) (3.232) (3.054)
® 0.005 0.005 0.042
RV,
(0.140) (0.140) (1.326)
s 0315 0.328 0.141
RVY
(5.689) (5.701) (1.103)
Ry 0.222 0.221 0.334
mt (4.299) (4.253) (2.167)
" 0.333 0.346 0.297
RV,
(6.990) (7.216) (6.404)
0.210
RV)
(1.718)
-0.128
RV
(-0.872)
5 0.001 0.001
(5.333) (5.310)
0.132
DRV,
7 (5.311)
: 2
Adj. R 0.623 0.617 0.617

Notes. This table reports the estimated announcement-day effect of inventory data on the realized

volatility of three-month contracts and on the volatility spillover from front to three-month contracts.

The data sample is from January 2010 to March 2016, and includes 1594 daily observations. The t-

statistics reported in parentheses are based on the standard errors computed after the Newey-West

correction for the serial correlation of order 20. The last line of the table reports the adjusted R2.

Table 7 Announcement day effect on front contracts

(1 (2) 3)
c 0.001 0.000 0.000
(2.279) (1.028) (1.330)
Ry 0.318 0.323 0.309
d,t
(7.007) (7.044) (6.998)
Ry 0.366 0.381 0.419
wi (6.592) (6.577) (4.725)
Ry 0.228 0.225 0.255
! (4.953) (4.872) (1.871)
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0.019 0.029 0.044

3
RV
(0.659) (1.022) (1.436)
-0.042
RV
(-0.533)
2 -0.036
RV,
(-0.257)
5 0.002 0.002
(6.296) (6.291)
0.148
3
DRV
. (5.468)
Adj. R? 0.708 0.703 0.703

Notes. This table reports the estimated inventory data announcement-day effect on the realized
volatility of front contracts and on the volatility spillover from three-month to front contracts. The
data sample is from January 2010 to March 2016, and includes 1594 daily observations. The t-
statistics reported in parentheses are based on the standard errors computed after Newey-West
correction for serial correlation of order 20. The last line of the table reports the adjusted R2.

Tables 6 and 7 report the influence of the crude oil inventory announcement on the direction
and strength of volatility spillover along the forward curve and on the magnitude of the RV. The RV
on the announcement day, for both front and three-month contracts, is higher than on other trading
days, as indicated by the positive and significant intercept dummies in columns (2) and (3) in both
tables. More importantly, the volatility spillover between crude oil front and three-month contracts
is bi-directional on the announcement day. This may be caused by the incorporation of new
information in the released inventory data and the resulting heavier trading over contracts.

To formally confirm the bi-directional spillover effects on the announcement day, we report
the results of the Granger causality tests in Table 8. The Granger causality tests are based on the
following forecasting models, where the daily, weekly, and monthly spillover terms and the
corresponding interaction terms with the announcement day dummy are all included.

RV?) =c+g RV +g RV +g RV + b RVI)+b RV +b RV

dt+ld

1) (¢8) (e8]
2D, DRV, +b,DRV.)+b DRV +e,

+1d

@ = & &) &) (3) 3) ®)
RV, .=Cctg RV, '+g RV '+g RV '+b RV "+b RV '+b RV"

dt+1d
+H DxRV® + H DxRV® + b DxRV® +
2] 1 dt 2 w,t 3 mit

et+ld

Table 8 Granger causality tests for volatility spillover on announcement day
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©)
R Vd,t+1d

(1) 1) (1)
RV, RV, RV ', 20.998
DxRVY DxRVY DxRy™ (0.000)
2l dt’ wit’ mt

O
RVd,t+1d

(3) (3) (3)
RV, ZRVRVES, 13.745
DxRV® DxRV® DyxRy® (0.000)
[ dt’ wt’ mjt

Notes. This table shows the results of the Granger causality tests for volatility spillover on the
announcement day. Specifically, it reports the F-statistics for the joint significance tests of the
coefficients of daily, weekly, and monthly RV and their corresponding interaction terms with the

announcement-day dummy. The p-values based on the F-distribution are reported in parentheses.

The results in Table 8 show that the null hypotheses are rejected in both directions, which
strongly supports bi-directional volatility spillovers between crude oil front contracts and three-
month contracts on announcement days. The results indicate that the inventory announcement days
are more information intense than other trading days.

7. Robustness Check

To test whether our results are sensitive to the frequency of the RV, we turn to a setting using

weekly RV. The weekly RV is an average of the daily RVs within a week.
RV :l(RV +RV,_ +RV __+RV _+RV )
wog d d-1 d-2 d-3 d-4

The simplest specification to test the volatility spillover effect among weekly RVs is the AR
(1) model using the RV of contracts with a different maturity as an additional term. We use the AR
(1) framework to test the additional information possessed by the volatilities of contracts with a
different maturity in the previous week. We also adopt an AR (3) framework to explore the
information contained in the previous month, by adding three lags of weekly RV of contracts with
a different maturity. In addition to the settings using the RV levels, we also include the logarithmic

equations for comparison. The model specifications are listed below.
3) — (3) (1)
RV, =c+bRV. +g RV ‘+e, (17)
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1) — 1) (3
waVW =c+bRV _+g RV" +e (18)
(3) = (3) (3) (3) 1) 1) 6]
r;fVW =c+bRV" +ORV" +DORV " +g RV _+g RV _+g RV _+e (19)
1) = 1) 1) (1) (3) (3) (3)
r?EFVw =c+bRV _+bRV +bRV _+g RV" +g RV" +g RV" +e  (20)
(3) = (3) 1)
ﬂ?-PRVW =c+b,InRV " +g InRV _ +e 1)
1 — 1) (3)
ﬂ?-PRVW =c+bInRV +g InRV " +e_ (22)
(3) = (3) (3) (3) (1) (€3] (1)
|]?'PRVW =c+pHInRV" +b,InRV " + b, InRV " +g InRV _ +g InRV ~ +g. InRV " +e
(23)
0= (1) 1) 6] (3) (3 (3)
|]?'PRVW =c+pHInRV _+b,InRV ~ +b,InRV +g InRV " +g InRV " +g InRV " +e
(24)
Tables 9 and 10 report the results using AR models on the weekly RVs. The results are in
line with those using the HAR framework to forecast the daily RVs. The first lag of the weekly RV
of the front contracts possesses additional information in forecasting the subsequent weekly RVs
of three-month contracts. Including the weekly RV of front contracts in the forecasting model also
significantly improves the model fitness, as shown by the larger adjusted R-squared. The second
and the third lags of the weekly RV of the front contracts are not significant, indicating that the
latest information contained in the front contract is useful, but the predictive power of the RVs of
the front contracts is not long-lasting. Again, the RV of the three-month contract possesses little

additional forecasting power. The results for the logarithmic settings are very similar to those of

the level equations.
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Table 9 Spillover effects for three-month contracts using weekly RV

(3) 3)
Al IRV
(D (2) (3) (4) (5) (6) 7 (8)

N 0.002 0.003 0.001 0.002 N -0.627 -0.688 -0.356 -0.479
(4.314) (5.213) (3.403) (3.937) (-4.650) (-5.100) (-3.453) (-3.904)

e 0.827 0.195 0.590 0.166 Ry 0.859 0.241 0.558 0.159
|§ w-1 (23.373) (1.682) (8.227) (1.467) Hl w-1 (28.217) (2.357) (8.098) (1.680)

"o 0.154 0.089 Ry 0.167 0.094
[’ﬁ w-2 (2.006) (0.736) |]7'P w-2 (2.515) (1.458)

0.147 0.110 0.194 0.101

V(3) Rv(3]

[’§ w-3 (2.960) (1.108) |]7-P w-3 (4.167) (1.743)

o 0.587 0.430 Ry 0.606 0.443
[5 w-1 (5.757) (3.963) |]7-P w-1 (6.068) (4.637)

o 0.037 Ry 0.023
f§ w-2 (0.386) Hl w-2 (0.345)

0.007 0.074

#VU) [LPRV(H
2 w-3 (0.073) ? w-3 (1.140)
: 2
Adj. R 0.683 0.702 0.706 0.714 Adj. R? 0.735 0.760 0.765 0.776

Notes. This table reports the estimation results of the spillover effects for three-month contracts using weekly RV data. Panel A reports the results for models using the
weekly RV levels, and panel B is for the logarithmic settings. The light crude oil futures data cover the period from January 2010 to March 2016. The t-statistics
reported in parentheses are based on the standard errors computed with the Newey-West correction for the serial correlation of order 20. The last row of the table reports
the adjusted R?.
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Table 10 Spillover effects for front contracts using weekly RV

1) (1)
A IRV

(D (2 (3 (4) (5) (6) 7 (8)
c 0.002 0.002 0.001 0.001 c -0.488 -0.449 -0.293 -0.250
(3.534) (3.237) (3.166) (2.362) (-3.870) (-3.169) (-3.204) (-1.910)
0.866 0.980 0.639 0.728 0.890 0.795 0.627 0.597

#VU) []'PRVU)
7l w-1 (25.129) (10.354) (8.242) (6.719) P w-1 (30.919) (10.903) (10.455) (8.418)
rLFV“] 0.139 0.181 HqRV“) 0.128 0.116
7" w-2 (2.134) (1.872) 7 w2 (2.186) (1.480)
rLFV“] 0.133 0.081 H“ RYW 0.179 0.108
7] " w-3 (2.457) (0.773) w3 (3.206) (1.343)
-0.129 -0.099 0.103 0.032

rgv(i’l HqRVVg
2w (-1.080) (-1.035) - (1.192) (0.436)
e -0.046 Ry 0.011
r?Ef w-2 (-0.399) l]"P w-2 (0.138)
#V‘” 0.055 |]'P Ry 0.080
71" w-3 (0.538) 2 w3 (1.058)

5 2

Adj-R 0.747 0.747 0.763 0.761 Adj. R? 0.789 0.789 0.807 0.806

Notes. This table reports the estimation results of the spillover effects for front contracts using the weekly RV data. Panel A reports the results for models using the
weekly RV levels, and panel B is for the logarithmic settings. The light crude oil futures data is from January 2010 to March 2016. The t-statistics reported in parentheses

are based on the standard errors computed with the Newey-West correction for the serial correlation of order 20. The last row of the table reports the adjusted R2.
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8. Conclusion

In this paper, we study the volatility spillover effect along the crude oil forward curve. Using
the high-frequency prices of futures contracts with different maturities, we assess the additional
power of the RV of nearby contracts for forecasting the RV of distant contracts. To achieve this, we
include the lagged RV of contracts with a different maturity as additional forecasting variables in
the HAR model (Corsi, 2009).

We find that the daily RVs of nearby contracts have a stronger power for forecasting the daily
RVs of distant contracts relative to the lagged daily RVs of the latter. Specifically, when added to
the standard HAR model, the RV of front contracts completely subsumes the information content
of the RV of three-month contracts, indicating that the one-month futures market is more
informative than the three-month futures market. The forecasting performance also improves
significantly after including the RV of the front contracts in the model. Conversely, the RVs of
three-month contracts possess little additional information in forecasting the RV of front
contracts.

The results of the Granger causality tests confirm that the RVs of nearby contracts contain
important information when forecasting the RVs of distant contracts, even after controlling for the
lagged RV of the latter. However, the converse is not true; in spite of the frequency of the RVs, the
RV of distant contracts has little effect in forecasting the RV of nearby contracts. These findings
support the volatility spillover effect among contracts along the crude oil forward curve, and the
direction of the volatility spillover is from nearby to distant maturities contracts.

The out-of-sample results also provide supportive evidence for the volatility spillover from
front to three-month contracts. The models having the lagged RV of front contracts as additional
regressors beat the standard HAR model for the three-month RV. The stronger forecasting power
comes mainly from the lagged daily RV of the front contracts.

The crude oil inventory data is released every Wednesday by the EIA. We have shown
empirically that the inventory announcements have a significant announcement-day effect on both

the spillover effect and the magnitude of volatility. On the announcement day, the volatility
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spillover between the front and three-month contracts becomes bi-directional, and the RVs
become significantly larger for both front and three-month contracts.

Overall, our findings contribute to the volatility spillover literature, and shed light on the price
discovery process of crude oil futures and information transmission among contracts with different
maturities. We show that there is a unidirectional volatility spillover along the crude oil forward
curve from nearby to distant contracts, indicating that the volatility of nearby contracts generally
contains ex ante information on the volatility of distant maturities contracts. The prices of nearby
contracts are more informative due to the higher trading volume, and thus play a leading role in the
price discovery process. Clearly, these findings are important for risk management and other

financial applications involving volatility forecasting.

23



Appendix

A.1. Percentages of missing values before and after interpolation

Before Interpolation After Interpolation
One-month contract 0.003% -
Two-month contract 0.071% 0.027%
Three-month contract 1.951% 0.046%

Notes. The percentages are of missing values before and after interpolation for 5-min price data.
The dataset includes one-month, two-month, and three-month crude oil prices from January 2010

to March 2016. The prices of the one-month crude oil contracts are not interpolated.
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