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In this paper, we first provide an empirical evidence of the existence of intraday jumps in the crude oil price se-
ries.We then show that these jumps, in conjunctionwith realized volatilitymeasures, are important inmodeling
the convenience yield over the 2001–2010 period. Our empirical results indicate that lagged jump mean only
explains around 16% of the weekly convenience yield. Our best specification, including variation in inventories,
8-week realized variance and the 250-day jump mean is able to explain around 61% of the weekly convenience
yield. Importantly, our results are not driven by the simultaneous determination of the various variables at work
as we only use lagged variables in all regressions.

© 2014 Elsevier B.V. All rights reserved.

1. Introduction

Ourpaper aims atmodeling the convenience yield usingmeasures of
volatility and jumps computed using intraday data in theWTI oil futures
market.We add these newmeasures to othermeasures previously used
in the literature (see Pindyck (2004)) such as the 5-week moving aver-
age of volatility computed using daily returns, as well as inventory level
and shocks to the spot price.We provide evidence that intraday data are
helpful inmodeling the 1-month convenience yield and that the distinc-
tion between volatility and jumps further increases the explanatory
power.

Recent mathematical finance literature suggest to model the conve-
nience yield as a mean-reverting process (see Gibson and Schwartz
(1990), Schwartz (1997), Hilliard and Reis (1998), Schwartz and Smith
(2000) and Casassus and Collin-Dufresne (2005) among themost repre-
sentative contributions). Liu and Tang (2011) propose an affine model
for the oil price with three state variables (spot price, interest rate, and
the convenience yield). Their model is able, among other things, to cap-
ture an essential characteristic of oil futures, i.e. the positive relationship
between volatility and the convenience yield. Mirantes et al. (2013)
develop a four-factor model and emphasize the seasonal feature of the
convenience yield in addition of its stochastic behavior.

The stochastic nature of the convenience yield calls attention to its
modeling, what we attempt in the present paper. Gorton et al. (2013)
show that the convenience yield is a decreasing and non-linear function

of inventories. As such, inventories may have predictive power for the
convenience yield. Also, Pindyck (1994, 2001, 2004) shows that the
convenience yield should be a function of the level of spot price, the
level of inventories and the level of volatility.1 Because all these vari-
ables are jointly determined, we only use in our empirical applications
lagged explanatory variable to avoid the simultaneity issue. Other pa-
pers modeling the convenience yield using similar variables are Chiou
Wei and Zhu (2006) and Borak et al. (2006), but none use realizedmea-
sures and their explanatory variable for the volatility component is gen-
erally not significant.

This paper is the first to model the convenience yield using the rich
information in high-frequency data. The existingwork uses at best daily
data. Because realized estimators provide a more robust measure of the
latent volatility, we expect to improve the empirical results by using
these estimates. As such, we extend the analysis in Pindyck (1994,
2004).2 In addition, we distinguish between the information in the con-
tinuous component and the jump component from high-frequency
prices. This distinction has proven to be very useful in the volatility fore-
casting literature (see Andersen et al. (2007)) and we investigate its
usefulness here for modeling the convenience yield.

We consider the weekly 1-month convenience yield for the most
traded commodity futures contract in the world, namely the WTI
crude oil futures from CME-NYMEX. Our main results are as follows.
First, realized volatility measures computed over the last i weeks for
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1 The general relationship between inventories, volatility, prices and the convenience
yield is nicely presented in Geman (2005), but using informal arguments. Knittel and
Pindyck (2013) and earlier references cited therein provide theoretical support for such
a relationship.

2 In contrast with Pindyck (1994), Pindyck (2004) explicitly takes account for price vol-
atility as a factor determining the convenience yield.

http://dx.doi.org/10.1016/j.econmod.2014.10.026
0264-9993/© 2014 Elsevier B.V. All rights reserved.

Contents lists available at ScienceDirect

Economic Modelling

j ourna l homepage: www.e lsev ie r .com/ locate /ecmod

http://crossmark.crossref.org/dialog/?doi=10.1016/j.econmod.2014.10.026&domain=pdf
http://dx.doi.org/10.1016/j.econmod.2014.10.026
mailto:benoit.sevi@gmail.com
http://dx.doi.org/10.1016/j.econmod.2014.10.026
http://www.sciencedirect.com/science/journal/02649993


i = 1, …, 8 have a good explanatory power, better than the 5-week
measure using daily data in Pindyck (2004) when i equals 5 or above.
Second, the explanatory power of the jump mean statistic alone is
around 16%. As jumps are representative of large and rapid changes in
oil futures prices, our results point to a relationship between large intra-
day returns (jumps) and the convenience yield. As the latter describes
needs and expectations of economic agents in the oil market, our
study partly explains how investors react to large changes in oil futures
prices through their trading strategy.

Our finding about the existence of a relationship between the
1-month convenience yield and lagged volatility and jumps has implica-
tions for themodeling of oil returns. Indeed, two- or three-factormodels
now systematically include the convenience yield risk as a risk factor to
fit futures price data better.3 As we show that the convenience yield risk
is related to other risk factors such as jumpand volatility risk, these risks
should not be modeled independently from the convenience yield risk
any more as is often the case in stochastic modeling of energy prices.

As a further implication, it should be emphasized that if a stochastic
convenience yield leads to market incompleteness as pointed out in
Geman (2005) then the link between volatility (or jumps) and the con-
venience yieldmay help to implement optimal hedging strategies using
the existing instruments such as the oil volatility index (OVX) that has
been developed to track the model-free implied volatility for the WTI
oil market. These hedging strategies would be developed on the basis
of a statistical relationship between volatility and the convenience
yield and would help to reduce the overall price exposure when no
financial instrument exists to specifically deal with the convenience
yield risk. This kind of strategy, coined as “cross-hedging”, relates to
the early contribution of Anderson and Danthine (1981), where the
authors show how an optimal hedging policy can be implemented
using hedging tools whose underlying asset is not the same as the
asset for which the original risk is bear.4

Our results may also be of interest for policy-makers as we empha-
size a link between the volatility (and jumps) and the future conve-
nience yield. Recall that the convenience yield is determined on the
basis of the subsequent futures prices. Our results thus show that vola-
tility and jumpsplay amajor role in explaining the term structure on the
oilmarket.Moreover, the volatility has explanatory power for the future
storage policy by firms as this storage policy explains the price gap be-
tween futures contracts of different maturities. Policy-makers may
then influence the storage policy of firms in periods of high volatility,
where the convenience is expected to increase, by managing oil strate-
gic reserves according to their objectives.

1.1. Relevant literature

Following the recent availability of intraday data for most existing fi-
nancial markets, and in particular commodity markets, recent research
has investigated various properties of oil financial markets using this
data. Wang et al. (2008) investigate the distributional properties of real-
ized volatility and standardized returns in the WTI futures market over
the 1995–1999 period. Tseng et al. (2009) use pseudo long memory
time series models to evaluate the contribution of jumps to forecasting
the conditional volatility in the WTI futures market for the 2000–2007
period. More recently, Liu andWan (2012) study the long-range depen-
dence in the Shanghai fuel oil futuresmarket over the 2004–2011 period
and emphasize the role of tick-by-tick data to forecasting conditional
volatility. The authors also highlight the role of trader activity which
has a very significant impact on the level of volatility in the futures mar-
ket. Chevallier and Sévi (2012) empirically study the volatility–volume

relationship using intraday data and show the role of jumps in bearing
this relation over the period 2006–2010. Sévi (2014) provides an exten-
sive study of the predictive properties of various HAR-class models for
long 1987–2010 period and shows that the basic HAR model provides
very good forecast performance out-of-sample relatively tomore sophis-
ticatedmodels, thereby questioning the interest to disentangle the jump
component from the continuous component for the purpose of forecast-
ing oil price volatility. Finally, BaumandZerilli (2013) use nonparametric
estimates of jumps in theWTI oilmarkets to estimate the parameters of a
continuous-time stochastic volatility model with jumps. The authors
provide strong empirical evidence of the importance of jumps in
adequately modeling the oil return process.

Other papers have investigated the issue of jumps using daily data.
Those papers are Askari and Krichene (2008), Lee et al. (2010) and
Gronwald (2012). Askari and Krichene (2008) estimate the various
components of a stochastic process and provide evidence of jumps.
Lee et al. (2010) and Gronwald (2012) investigate and estimate the
presence of jumps relying on the methodology in Chan and Maheu
(2002). Our paper improves upon these last two by using nonparamet-
ric methods along with intraday data.

Our measures of jump distribution use the recent contribution by
Tauchen and Zhou (2010) who suggest to use the characteristics of
the distribution of jumps to predict credit spreads. To our best knowl-
edge, these tools have only been used in Wright and Zhou (2009),
Zhang et al. (2009) and Evans (2011) to date. The idea behind these pa-
pers is that characteristics of jump distribution may be helpful in
explaining some financial variables such as credit spread (at the aggre-
gate or firm level) or the bondpremia because the returns are a function
of agents' aversion to large losses. We use the same measures as in
Tauchen and Zhou (2010) along with measures of realized volatility to
model the 1-month convenience yield.

Symeonidis et al. (2012) provide empirical evidence of the relation-
ship between inventory and the shape of the forward curve. The conve-
nience yield is related to the forward curve and, as such, the authors also
analyze the link between inventory and the convenience yield. The au-
thors also highlight the relationship between inventory and conditional
volatility. In our investigation of thepredictive properties of various pre-
dictors of the convenience yield, we also explore the forecasting perfor-
mance of inventory and volatility. However, we distinguish between the
continuous component and the jump component to enrich our set of
predictors.

The convenience yield is also included in dynamic models of the oil
storage as in Pieroni and Ricciarelli (2008) who extend the Pindyck
(1994, 2001) model. Because all the variables such a the price, the
volatility, the convenience yield and the inventory level are endoge-
nously determined, we use lagged variables to deal with the issue of
simultaneity.

In the next Section, we provide some details about the econometric
approach. Section 3 presents the main empirical findings of our regres-
sion analysis and discusses some robustness checks that we also com-
puted. Section 4 provides some concluding remarks and suggestions
for future research about the empirical properties of the convenience
yield.

2. Empirical approach

We present in this Section howwe estimate realized quantities that
will be used in the next Section for regression analysis. We first develop
the concept of bi-power variation which is used along with realized
volatility to detect jumps. Next, we explain the computation of jumps
statistics.

2.1. Detecting jumps in oil returns

Jumps are defined as large returns that could be of interest to
investors that face the convenience yield risk in commodity markets.

3 Convenience yield risk refers to the risk of change in the convenience yield level, not
the risk related to the volatility of the convenience yield which is a very different concept.

4 The idea here would be to hedge the convenience yield risk using oil volatility futures
(futures on OVX) exploiting the existing correlation between the convenience yield and
the oil volatility that we highlight in the present study.
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