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Summary

This thesis consisting of three self-contained essays devotes to the volatility
behavior of agricultural commodity, price transmission between energy price
and grain price and the extreme returns interaction and response among
commodities.

The first essay investigates the persistence and permanent-transitory
structure in the volatility of agricultural commodity continuous future con-
tract returns with sample period from Jan 3rd, 1994 to Feb 18th, 2015. Lo’s
Modified R/S Test and GPH Test confirm the existence of volatility persis-
tence in the whole sample period with both standard GARCH and compo-
nent GARCH models with normal distribution, student-t distribution, gen-
eralized error distribution and skewed generalized error distribution. Com-
ponent GARCH model finds strong evidence on the permanent-transitory
structure. Out of sample forecasting with rolling estimation is performed
together with Value at Risk backtesting. Out of sample forecasting superi-
ority of component GARCH model is confirmed by both Diebold-Mariano
test besides traditional loss functions and MZ regression. Risk management
application also appears to favor component GARCH model. These findings
suggest the necessity of modeling long memory in volatility of agricultural
commodity for volatility forecast purpose and risk management purpose for
policy makers and investor.

The second essay examines the asymmetry in price transmission be-
tween global grain and energy indices from January of 2007 to June of
2015. It applies nonlinear cointegration methods and its error correction
model proposed by Sun (2011) together with the traditional linear methods.
All methods confirm the existence with co-integration with high statistical
significance. Nonlinear cointegration method also finds evidence on asym-
metry and threshold effect in the price transmission. The existing literature
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has mixed finding regarding the co-integration between grain and energy
prices and this paper contributes by suggesting the failure to establish co-
integration may lie in the model misspecification in ignoring asymmetry and
threshold effect.

The third essay focuses on the extreme returns and responses in the
commodity future market from an information flow perspective. It aims to
examine whether there is heterogeneity in the interaction between extreme
returns and those with the full samples. It applies modified event studies
with bootstrapping to track the behavior of commodity future returns of
Brent oil, corn, ethanol, natural gas, sugar andWTI oil around the extremely
good and bad days defined by the returns of these commodities from Jan
1st, 1994 to Dec 31st, 2015. It also compares the result with those from
generalized impulse response functions (IRFs). It finds evidence suggesting
that the tail behaviors are distinct from those in the whole return spectrum
and even among those tail behavior there is heterogeneity of many kinds.
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Chapter 1

Introduction and Background

Commodities not only have impacts on the global economy, economic devel-
opment, and social welfare both in history and in modern times, they also
become an increasingly important asset class for investment and portfolio
diversification purposes. Commodities are traded in spot market or with
financial derivatives. With the former, delivery is scheduled immediately
or with a minimum lag while the latter specifies the delivery of a commod-
ity of certain quality at a fixed future date and location at a prespecified
price. Future market facilitates price discovery and transfer of risk expo-
sure as the most cited functions in the literature. Nowadays participants
such as hedgers, speculators and arbitragers are actively involved in the fu-
ture market due to its high liquidity, low transaction costs on the exchange
and its absence of counterparty risk. No arbitrage argument can establish
a relation between spot prices and future prices1. Both of spot prices and
future prices are subject to respective market forces and shocks. The infor-
mation content regarding price discovery and the causal link between spot
prices and future prices have been of interest to academia (For examples,
Figuerola-Ferretti and Gonzalo, 2010; Garbade and Silber, 1983; Gonzalo
and Granger, 1995; Hasbrouck, 1995; Stein, 1961). The commodity mar-
ket has been cited for its increased volatility and cross-correlations among
different commodities partially because of shocks and increased interaction
brought by financialization (Carter, Rausser, and Smith, 2011; Cheng and

1For example, cash and carry arbitrage for storable commodity asserts that the spread
of future price over spot price must equal the carrying cost of inventory (including the
cost of financing the physical commodity, storage and insurance) net benefit from carrying
physical commodity.
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Xiong, 2014). Financialization of commodity refers to the phenomenon that
commodity futures are becoming an asset class similar to equity and fixed
income securities. For example, an investor has suffered loss from assets
other than commodity future in her portfolio may consider to rebalance and
adjust the positions in commodities. Besides, the nature of commodity prod-
ucts gives rise to substitution and complementarity in supply and demand
of commodities (Carter et al., 2011). For example, agricultural commodities
serve as the most prominent example for supply substitutability while grain
feed for meat production stands for complements. Energy affects agriculture
production since some inputs for agriculture production such as fertilizer and
pesticides are petroleum based. Transportation for all commodities requires
energy as well; especially, the recent surge of biofuel production also adds
to the complication of the grain energy nexus.

Among all the commodities, crude oil plays an major role in global trade
and economy, attracting attention from media, public citizens, policy mak-
ers, as well as academia. According to 2014 International Trade Statistics
Yearbook United Nations (2015), petroleum oils and oils obtained from bi-
tuminous minerals (crude) are the top exported commodity in 2014 with
7.7% in value of total exports followed by petroleum oils and oils obtained
from bituminous minerals (not crude) with 5.1%. For crude and refined
product combined, there is 2.4 trillion value of trade per annual. The huge
share of trade by value renders oil price essential to the economy of both oil
exporting and importing countries. Besides taking the largest share in the
global trade in value, crude oil is fundamentally different from other goods
and services for several reasons. First, oil price increase usually is sharp and
persistent in time, unlike other goods and service. Second, the demand for
energy consumption is believed to be relatively inelastic compared to other
goods and service. Third, the oil price is potentially influenced by some po-
litical events and military conflicts. The consequential production disruption
is believed to be exogenous to the economy. Fourth, considerable concerns
have arisen, and political actions have been taken about the environmental
cost of crude oil consumption on a global scale. Finally, among all the com-
modities, energy commodities are believed to have the closest relationship to
the real macroeconomic performance, which is evidenced by the seemingly
subsequent economic recessions following the dramatic increases in oil price.
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As documented by Barsky and Kilian (2004), since the 1970s most of the
historical macroeconomic recessions have been preceded by political events
in the Middle East such as 1973 War and Oil Embargo, 1980 Iranian Rev-
olution, 1981 Iran-Iraq War and 1990 Invasion of Kuwait. All these events
are believed to be responsible for the subsequent increases in the oil price.
Besides, the high oil prices are also blamed for the productivity slowdown as
measured by the growth in total factor productivity in the 1970s, which is
backed up by their statistical association. Commodities ranging from fuel,
metals and agricultural are used as input for industrial production as well as
household consumption. However, not all exogenous oil event have impacts
on CPI, and large spikes of the CPI inflation are apparently not necessarily
related to oil events. For the association of the real oil price and US re-
cession, there are long and varying lags between the cited political conflicts
and the subsequent recessions. These irregular lengths of delays question the
mechanism of how spikes in oil price cause the recessions. Besides, Barsky
and Kilian (2004) challenged the perception that the U.S. stagflation of the
1970s is caused only by the oil crisis, which is perhaps the most striking
record of price change after World War II.

Barsky and Kilian (2004) and Kilian (2008) review several mechanisms
providing with a causal link from oil price to recessions, inflation and eco-
nomic slowdown. The mechanisms of transmission by which oil price affect
the economy fall into two categories: supply and demand channels. The
supply channel focuses on the production process with a value added pro-
duction function where imported crude oil is used as an intermediate input.
However, these models suffer from the contradiction between interpreting
crude oil as an intermediate input and the net importation of crude oil. Be-
sides, from the theoretical perspective, production-based models that bound
the impacts on domestic output by the oil cost share fail to explain the
huge fluctuation in real output. The remedy for these two shortcomings
is proposed such as time-varying markups and models with capital-energy
complementarities in the production but empirical evidences supports none
of them. The demand channel pointed out in Hamilton (2008) as the key
mechanism works through the disruption of spending of consumer and firm
on goods and services apart from energy. The empirical support and eco-
nomic rationale are also documented in Kilian (2008). Energy price affects
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consumption expenditure through four complementary mechanisms. First,
discretionary income effect asserts higher energy price reduces the money
spent on other goods and service. Second, uncertainty effect is that the in-
creased uncertainty about the future energy price results in postponement
of purchase of consumer durable goods. Third, precautionary savings effect
focuses on the consumers smoothing their consumption due to the perceived
greater likelihood of future loss in income. Lastly, operation cost effect lim-
its to cases where consumers delay or forego the purchase of energy-related
durable. Another channel in demand side theory is through non-residential
investment. When faced with decisions regarding investment expenditures,
firms are also affected by energy prices through two mechanisms: raise in the
energy price increases the marginal cost of the production; firms cut invest-
ment in equipment and infrastructures when they anticipate any reduced
demand. Regarding these channels, there is empirical evidence showing di-
minishing impacts of oil on the U.S. economy (Edelstein and Kilian, 2007).
Edelstein and Kilian (2007) separate the data into two halves, 1970.2-1987.12
and 1988.1-2006.7. They find out that energy price shocks have diminished
impacts on consumption aggregates since the mid-1980s and attribute this
change to changes in the composition of U.S. automobile production towards
more energy-efficient. Besides, the U.S. automobile sector has become less
important in terms of shares of domestically produced automobiles and em-
ployment shares.

So what is oil shock and where do they come from? Oil price shocks
are the difference between the expected oil prices and the actual prices.
Baumeister and Kilian (2016) summarize the potential sources of oil price
fluctuation:

“determinants including 1) shocks to global crude oil produc-
tion arising from political events in oil-producing countries, the
discovery of new fields and improvements in the technology of
extracting crude oil; 2) shocks to the demand for crude oil as-
sociated with unexpected changes in the global business cycle;
3) and shocks to the demand for above-ground oil inventories,
reflecting shifts in expectations about future shortfalls of supply
relative to demand in the global oil market.”

These three categories focus on the fundamentals of the crude oil production
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with the first point related to the supply side and the last two points involv-
ing the demand side. The supply of oil consists of the current production
as well as the potential avilability in the future. The former can be affected
by the exogenous political events in oil producing countries, although pro-
duction decision by OPEC can be considered endogenous and in some sense
predictable. The latter concerns the availability of crude oil underground.
The proven crude oil reserves usually measure the crude oil availability. It
refers to the “the estimated quantities of all liquids statistically defined as
crude oil. They consist of those quantities of crude oil which by analysis of
geoscience and engineering data can be estimated with reasonable certainty
to be commercially recoverable, from a given date forward, from known
reservoirs and under defined economic conditions, operating methods and
government regulations” (OPEC, 2015). Technical and economical recov-
erability at the current price level of crude oil and with current extracting
technology are essential in this definition. Thus sharp technology break-
through of mining technique can also have impacts on the oil availability.

Alquist, Kilian, and Vigfusson (2013) cover in the handbook chapter
many aspects on crude oil price forecasting. It includes the choice of sample
period, oil price alternative series, model specification, real or nominal price,
predictability based on macro aggregates, information content of oil futures,
and usefulness of survey forecast. They conclude that even the best available
forecasting methods are far from satisfactory regarding forecast accuracy. In
fact, the oil price can only be predicted as accurately as their determinants
can be. Baumeister and Kilian (2016) document the difficulty in forecasting
the fluctuation of oil price rises from the three categories of shocks. As for oil
production, constant production disruption is always unpredictable. More-
over, production responds to the price changes by launching new oil field
search whose success is hard to predict with unknown forthcoming time.
Besides, in the long run, demand for fossil fuel can be replaced by the sub-
stitutes such as renewable the same way as coal was replaced. Demand for
all commodity driven by global business cycle depends on the condition of
the global economy. However, state of the global economy can be only pre-
dicted in short horizons with far from satisfactory accuracy with econometric
model and for professional forecasters. Last but not least, the change in the
perceptions about the future scarcity of oil adds to the uncertainty. The
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changes in prospects for global economy and evolution of geopolitics shift
the precautionary demand for oil even more rapidly in the form of inventory
of oil above ground. Historical evidence shows it requires both anticipated
shortfall of supply and anticipated demand to drive such precautionary de-
mand.

These three kinds of shocks have different impacts on the economy. As
pointed out in Kilian (2009), evaluating impacts of an exogenous oil shock on
the economy is a thought experiment since the impact of oil price is evaluated
with all else equal. This thought experiment cannot be defined properly due
to both potential reverse causality and the mixture of direct and indirect
impacts of global economy demand shocks on US economy. Specifically, oil
price is mainly driven by the fundamentals. Thus, not only the oil price
changes have an impact on the US economy but also the US macroeconomic
condition drive the oil price through demand. Moreover, the global economy
is affecting the demostic economy directly and indirectly through the oil
price. Kilian (2009) proposes a structural VARmodel to tackle the above two
issues simultaneously. In his paper, the global crude shocks are decomposed
into three components: crude oil supply shocks; global demand shock to all
industrial commodities; and demand shock specific to crude oil. The last
one captures the precautionary demand resulted from the uncertainty of
any future availability of oil supply and it represents the convenience yield
of accessibility of crude oil inventory. To facilitate this decomposition, a
weighted index on dry cargo voyage ocean freight rates is constructed to
capture the aggregate demand for all commodity while crude oil production
and real oil price are also used. Controlling both the oil production and
global demand for all industrial commodities enables the residuals to capture
the oil-specific demand. Historical oil shocks are found to consist mainly of
the global aggregate demand shocks and precautionary demand shocks but
not supply shocks. The finding challenges the traditional wisdom that links
the sharp oil price surges and disruption of oil production due to exogenous
political events. The increased precautionary demand for oil matters more
for the increases in oil price than the drop in physical supply of oil does.
The analysis helps explain the absence of major recession in the US after
the sharp increase in oil price since 2003 versus the recession following 1970s
oil crisis. The former is driven by the booming global economy whereas the
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latter is fueled by the disruption of oil production as well as the consequential
increase in precautionary demand.

Agricultural commodity has become increasingly interconnected to crude
oil. Despite its small share of the global economy, agriculture production
engages 1.3 billion out of 7.1 billion population (equivalent to 19%) in 2012
according to World Bank (2012) and occupies 40% of the land area. Be-
sides, grain is the main source for calorie for human. Similar to crude oil,
agricultural commodity price dynamics is mainly driven by its fundamen-
tals with seasonal fluctuations. However, in the past ten years, global grain
markets of rice, wheat and corn have experienced sharp increases. Given
the importance of agricultural commodity, the welfare implication, and the
distributional effect among the market participants, this abrupt increase in
prices has attracted attention from consumers, producers, and policy mak-
ers. Wright (2014) reviews the possible contributing factors:

“unprecedented increases of income of the vast populations con-
sumption caused by unprecedented increases of income of the vast
populations of China and India; idiosyncratic regional droughts
and fires; speculative bubbles; a of China and India; idiosyncratic
regional droughts and fires; speculative bubbles; a new ‘financial-
ization’ of grain markets; the slowdown of global agricultural re-
search new ‘financialization’ of grain markets; the slowdown of
global agricultural research spending; jumps in costs of energy and
fertilizers; shifts in interest rates; the decline spending; jumps in
costs of energy and fertilizers; shifts in interest rates; the decline
of the dollar; the surge in biofuel demands; bans on genetically
modified plants; of the dollar; the surge in biofuels demands; bans
on genetically modified plants; and climate change.”

Historically, the price and production of grain are well explained by a basic
Marshallian model of demand and supply with inter-grain substitution (sub-
stitution of one grain for another) and inter-temporal substitution (storage
enables substitution of current consumption for future consumption) until
2004. Wright (2014) attributes this lack of explanatory power since 2004
to the missing role of biofuel production surge. In his paper, the additional
substitution of biofuel for petroleum-based fuel together with the inter-grain
substitution and inter-temporal substitution explains the annual fluctuations
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in the price and production well. As he points out, the surge of the biofuel
production is partially policy driven. The US and EU increased the limit of
the ratio of biofuel in blends with products derived from fossil fuel such as
gasoline and implemented a mandate regarding the use of biofuel in trans-
port fuel in addition to policy on subsidy and tariff. This policy change
met with the dramatic increase in oil price and thus amplified the effect of
this biofuel substitution. With this mechanism, it should be expected that
energy price will have an impact on the grain price.

Common driving forces stemming from the global business cycle and
interconnection arising from the nature of the commodities increase the
interaction and the volatility of commodity returns. With this increased
complexity in the dynamics and interaction, existing literature has been de-
voted to dynamics and interaction between grains and fossil fuel. Despite the
popularity of conditional volatility model gained in the others asset classes,
limited attention has been paid to agricultural commodity. Among them,
Giot (2003) combines the implied volatility with conditional volatility to ex-
amine the incremental information content of implied volatility to GARCH
models for cocoa, coffee, and sugar futures. Onour and Sergi (2011) com-
pare two competing GARCH models with normal distribution and student-t
distribution. While agricultural commodity volatility exhibits long mem-
ory behavior, not many studies devote to it even though standard GARCH
model is theretically inconsistent with this characteristic. Three crude oil
markets - Brent, Dubai, and West Texas Intermediate (WTI) are found bet-
ter captured by CGARCH and FIGARCH than by GARCH and IGARCH
(Kang, Kang, and Yoon, 2009). Jin and Frechette (2004) study fractional
integration of volatility process for fourteen agricultural future series and
compare the forecasting performance with GARCH model and find out FI-
GARCH out-performs. Chang, Mcaleer, and Tansuchat (2012b) find that
FIGARCH outperforms the GARCH counterpart, and fractional integra-
tion exists in most of agricultural commodity futures returns series. Engle
and Lee (1999) argue that long memory behavior in volatility is caused by
the changing level of unconditional volatility. Therefore they propose Com-
ponent GARCH (CGARCH) model which decomposes conditional variance
into two components in an additive form. The one with nearly unit root is
termed long-run (permanent) component, which is allowed to evolve slowly
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in an auto regressive way. The other component with a much more rapid de-
cay rate is called short-run (transitory) volatility component. The first essay
aims to investigate the persistence of volatility dynamics and permanent-
transitory structure of agricultural commodities by employing CGARCH
and GARCH models. Parametric and semi-parametric methods confirm the
existence of volatility persistence and CGARCH model finds strong evidence
on the permanent-transitory structure. Out of sample forecasting superior-
ity of CGARCH is also confirmed by both Diebold-Mariano test and risk
management application besides traditional loss functions.

The increased complexity arising from the proliferation of biofuel also
stimulate the research on energy-agricultural price linkage. Most of empir-
ical papers mainly utilize cointegration and the finding regarding the price
series interaction is mixed. Most authors find that evidence on biofuel or
energy price affecting feedstock prices in the long run with both local or
international data ranging from quarterly data to daily data (Balcombe and
Rapsomanikis, 2008; Busse, Brümmer, and Ihle, 2012; Campiche, Bryant,
Richardson, and Outlaw, 2007; Ciaian and Kancs, 2011a,1, among others)
while other do not (Hassouneh, Serra, Goodwin, and Gil, 2012; Mallory,
Irwin, and Hayes, 2012; Qiu, Colson, Escalante, and Wetzstein, 2012; Yu,
Bessler, and Fuller, 2006; Zhang and Reed, 2008). Enders and Granger
(1998) point out that unit roots and cointegration tests have low power to
detect unit roots or cointegration with asymmetric adjustment. The failure
of some of the existing literature to detect cointegration could be due to the
inability to take care of the asymmetry. Thus the second essay examines
the asymmetry with nonlinear cointegration methods by Enders and Sik-
los (2001) and its error correction model proposed by Sun (2011). It finds
strong evidence on the asymmetry in nonlinear cointegration with threshold
effects. This chapter thus provides a plausible explanation for the mixed
finding regarding energy-agricultural price linkage.

The cross-commodity dynamics interactions usually do not distinguish
the interaction in the tail or extreme returns from those with the full samples.
Neither the behavior of returns around extreme returns of cross-commodity
have been studied in the literature. The extreme return interaction is of
both theoretical interest and practical implication. In the third essay, a
modified event study methodology with bootstrap inference is applied to
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track the behavior of commodity returns of Brent oil, corn, ethanol, natural
gas, sugar and WTI oil around the extremely good and bad days defined
by the returns of these commodities. It finds evidence suggesting that the
tail behaviors are distinct from those in the whole return spectrum and even
among those tail behavior there are heterogeneity of many kinds.

The thesis consists of five chapters. The second chapter devotes to the
long memory volatility of agricultural commodity. The third chapter focuses
on the nonlinearity of energy grain nexus. The fourth chapter is about
extreme return interaction of commodities. The last chapter concludes this
thesis.
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Chapter 2

Essay One: Long Memory
Volatility in Food Futures

2.1 Introduction

Accurately characterizing and capturing volatility is of great interest to fi-
nancial economists as well as financial practitioners. Although volatility is
not the same as risk, it is perceived as uncertainty. It plays an important
role in many financial applications Poon and Granger (2003). Specifically,
volatility is applied in risk management, asset allocation, derivative pric-
ing and decisions related to volatility level such as volatility trading. For
volatility modeling, there are two branches of volatility models. Stochas-
tic volatility model specifies volatility to be a stochastic process evolving
due to random shocks while conditional volatility model specifies volatil-
ity to be time varying in an autoregressive manner. However, the former
branch of models usually does not have closed form solution for likelihood
function, which makes the estimation process more complex. Conditional
volatility modeled by Generalized Autoregressive Conditional Heteroskedas-
ticity (GARCH) model (Bollerslev, 1986) specifies conditional variance to be
a linear combination of the lagged conditional variances and lagged squared
shocks. The conditional variance mean-reverts to its unconditional level.
GARCH model manages to explain volatility clustering and fat tail behav-
ior observed in the unconditional return distributions in return series of
many assets. Besides, many extensions on conditional volatility have been
proposed to capture the other stylized facts of the return such as asymmetry
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and long persistence.

Only limited papers have been devoted to agricultural commodity con-
ditional volatility modeling compared to popularity conditional volatility
models have gained in equity, currency, fixed income, and commodity other
than agricultural commodities probably due to the fact that agricultural
commodity used to be less volatile. However, agricultural commodity mod-
eling should interest not only academia and practitioners but also politicians
and policy makers especially after the global food crisis during 2007-2008
with dramatic increase price has harmed those net food importing coun-
tries. The most striking stylized fact of financial asset return volatility is
volatility clustering, which mean return volatility is positively autocorre-
lated. Changes in volatility can result from the arrival of information or
news, which brings uncertainty. Long memory volatility characteristic has
been studied in foreign exchange market and the arrival of heterogeneous in-
formation and heterogeneous traders with different time horizons has been
proposed for an explanation. Under heterogeneous information, short-lived
information arrives and decays over intra-day frequency and long-lived infor-
mation dies out during both in high and low frequencies. Therefore the ag-
gregated long memory dependency could be observed in the lower frequency
domain (Andersen and Bollerslev, 1997). Alternatively, the explanation of
heterogeneous traders argues that traders with different position holding pe-
riods or investment horizons evaluate the market at different frequencies and
thus generate both long and short term components in the volatility process
(Muller, Dacorogna, Dave, Olsen, Pictet, and von Weizsäcker, 1997).

In the case of agricultural commodities, the fundamentals are the main
drivers for the asset price changes. All the factors affecting current or an-
ticipated future demand and supply will have an impact on the volatility.
Unlike hard commodities which are usually natural resources and are mined
or extracted, agricultural commodity products, as known as soft commodi-
ties, are grown. It takes time to plant and harvest for the production of
agricultural product. Thus this nature potentially contributes to the long
run dependence in the volatility observed in data. After testing for the ex-
istence of long memory behavior in the volatility, this chapter applies the
component GARCH model (Engle and Lee, 1999) to capture the long mem-
ory behavior of returns of four agricultural future contracts and examines
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the permanent and transitory components. The volatility modeling is later
companioned with the risk management application and back-testing. This
chapter confirms the existence of permanent and transitory components in
volatility process and the superior performance of component GARCHmodel
in term of out of sample forecast and risk management application. It sug-
gests that the long memory volatility behavior of agricultural commodities
should be better captured and modeled by the component GARCH model.

Different financial assets demonstrate different aspects of return charac-
teristics. As “all models are wrong, but some are useful”, models are only
meant to capture particular aspects of the returns. Agricultural commod-
ity received less attention due to their less volatility level until peak in the
recent years. Motivated by the nature of agricultural commodity produc-
tion, this chapter aims to study the long memory property of the conditional
volatility. In order to avoid overfitting, this chapter uniquely applies out of
sample risk management backtesting method and find out the superiority of
capturing the long memory property.

In the next section, the related literature on agricultural volatility model-
ing and long memory volatility are reviewed. In section 3, methodology and
models applied in this chapter are discussed. It is followed by the estimation
result showing strong evidence of long memory behavior in the volatility of
agricultural commodity returns and the out of sample forecasting superior-
ity of CGARCH. The chapter ends with the conclusion and the potential
contribution.

2.2 Review of Literature: Missing Role of Volatil-

ity Persistence in Agricultural Commodity

The definition of volatility depends on the content of discussions. It can refer
to the parameter in the geometric Brownian motion (GBM) of the logarithm
of asset price; historical volatility refers to the standard deviation of returns
in the sample; conditional volatility specifies the standard deviation of a
future return conditional on the information of previous returns; stochastic
volatility, on the other hand, models the volatility as a stochastic process
with random shocks; alternatively implied volatility is the volatility that
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equates the theoretical price based on a particular pricing model to the ob-
served price of market traded derivative (Taylor, 2007). All of these methods
find their places in the existing literature of agricultural commodity volatil-
ity modeling. Giot (2003) combines the implied volatility with conditional
volatility to examine the incremental information content of implied volatil-
ity to GARCH models for cocoa, coffee, and sugar futures. The author finds
out squared returns with only marginal improvements of the information
content in implied volatility and value-at-risk (VaR) models with only im-
plied volatility functions as well the ones with GARCH model. Focusing on
conditional volatility model, Onour and Sergi (2011) compare two compet-
ing GARCH models with normal distribution and student-t distribution for
rice, sugar, beef, coffee, and groundnut prices and find out the models with
fat tail conditional distribution outperforms their counterparts with normal
distribution. Besides, they specify the mean equation as an ARFIMA(p, d,
q) model but leave the long memory in volatility out of examination.

Standard GARCH model assumes volatility reverts to a fixed long run
unconditional volatility. However, for time series spanning for long time
horizons, it is not reasonable to assume the unconditional volatility is fixed
as the economic conditions or the fundamentals could have changed dra-
matically during the period under study. Besides, it fails to capture long
memory behavior in the volatility dynamics for most of the financial as-
sets. Specifically, standard GARCH model implies theoretical autocorrela-
tions of both of conditional variances and squared returns are geometrically
bounded, i.e. |ρτ | ≤ Cφτ for some constant C > 0 and 0 < φ < 1, while
their empirical counterparts decay more slowly. Long memory, also known
as persistence, refers to the phenomenon that the auto-correlation function
(ACF) does not decay exponentially as suggested by standard GARCH, but
at a slower rate. Engle and Lee (1999) argue that persistence is caused
by the changing level of unconditional volatility. Therefore they propose
Component GARCH (CGARCH) model which decomposes conditional vari-
ance into two components in an additive form. The one with nearly unit
root is termed long-run (permanent) component, which is allowed to evolve
slowly in an auto regressive way. The other component with a much more
rapid decay rate is known as short-run (transitory) volatility component.
Therefore CGARCH model is also called permanent-transitory component
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variance model. Besides CGARCH model, fractional integration GARCH
(FIGARCH) proposed by Baillie, Bollerslev, and Mikkelsen (1996) also mod-
els volatility persistence by specifying fractional difference in the variance
equation.

Modeling and forecasting volatility persistence have been extensively
studied in foreign exchange market (Baillie et al., 1996; Conrad and Lamla,
2010) and equity markets (Bollerslev and Ole Mikkelsen, 1996; Degiannakis,
2004; Kang and Yoon, 2007). However, not many attention have been paid
to commodity markets with few exceptions. Three crude oil markets - Brent,
Dubai, and West Texas Intermediate (WTI) are found better captured by
CGARCH and FIGARCH than by GARCH and IGARCH (Kang et al.,
2009). CGARCH and FIGARCH also provide superior performance in out
of sample volatility forecast based on forecast performance measures such as
mean of square errors (MSE) and mean of absolute errors (MAE) as well as
statistical tests such as Diebold and Mariano (1995) test. Barkoulas, Labys,
and Onochie (1997) focus on commodity spot prices for aluminum, cocoa,
coffee, copper, rice, and rubber. They show varying fractional orders across
different type of the commodities. Long memory volatility modeling of agri-
cultural commodity future is also studied in Chang et al. (2012b). They find
that FIGARCH outperforms the GARCH counterpart, and fractional inte-
gration exists in most of the agricultural commodity futures returns series.
Crato and Ray (2000) compare the volatility persistence of currency and
commodity future and find that commodity volatility to be more persistent.
Jin and Frechette (2004) study fractional integration of volatility process for
fourteen agricultural future series and compare the forecasting performance
with GARCH model and conclude that FIGARCH out-performs.

This chapter aims to investigate the persistence volatility dynamics of
four agricultural commodities, namely corn, rice and wheat commodities
continuous futures contracts traded on the Chicago Board of Trade (CBOT).
CGARCH and GARCH models are employed with four conditional distri-
butions to potentially capture the fat tail and skewness. It first confirms
volatility persistence with parametric and semi-parametric methods. For
out of sample forecast, it employs one day head rolling estimation and fore-
cast. It also differs from the existing literature by evaluating the volatility
forecast via both Diebold-Mariano test and risk management application be-
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sides traditional loss functions. By decomposing conditional volatility into
long run and short run, CGARCH model with over twenty-year span of
data casts light on the existence of permanent and transitory components
of conditional variance.

2.3 Methodology

The empirical analysis consists of five steps. First, the returns and squared
returns for long memory behavior are tested with parametric Lo’s modi-
fied R/S test Lo (1991) and semi-parametric GPH test. Second, the return
series are fitted with GARCH, and component GARCH models with condi-
tionally normal, student, (skewed) generalized error distributions. For ran-
dom variable ε following student distribution, its pdf is expressed as f(ε) =

Γ( ν+1
2

)√
βνπΓ( ν

2
)
(1+ (ε−α)2

βν
)−

ν+1
2 with α, β, and ν representing the location, scale and

shape parameters respectively and Γ being the gamma function. For ran-
dom variable ε following generalized error distribution, its pdf is expressed

as f(ε) = κe
−0.5| ε−α

β
|κ

21+κ−1βΓ(κ−1)
where α, β and κ are the location, scale and shape

parameters. The skewness introduced by inverse scale factors γ for random
variable ε gives pdf f(ε|γ) = 2

γ+γ−1 [f(γε)I [0,∞)(ε)+f(γ−1ε)I(−∞,0)(ε) where
I(·) is an indicator function and f(ε) is a pdf, which is unimodal and sym-
metric around 0. More formally, inverse scale factors γ = 1 degenerates the
pdf f(ε|γ) = f(ε) and P (ε≥0|γ)

P (ε<0|γ)
= γ2. Thus γ > 1 suggests right skewness and

γ < 1 suggests left skewness. The optimal lags for each model are selected
with each conditional distribution according to Schwartz Bayesian Criterion
(SBC). The last 1500 observations are kept for out of sample forecasting
with rolling estimation and one day ahead forecasting. The forecast per-
formance is evaluated and compared between models with Diebold Mariano
test Diebold and Mariano (1995). Volatility forecasting is also utilized in
a value at risk (VaR) forecast and unconditional and conditional coverage
test of Kupiec (1995) and Christoffersen (1998) are employed respectively
to backtest the VaR forecast to examine the performance of the volatility
modeling.
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2.3.1 Parametric Lo’s Modified R/S Test for Long Mem-

ory

Empirical non-exponentially decaying ACF only suggests but cannot confirm
long memory behavior without a proper statistical test. The two common
tests are parametric Lo’s modified R/S test and semi-parametric GPH test.
These two tests are employed in the analysis.

The famous rescaled range R/S statistic is proposed by Hurst (1951)
to test long memory behavior of time series. It is defined with the partial
summation of time series {rt}Tt=1

MT = max
1≤t≤T

k∑
t=1

(rj − r̄)− min
1≤j≤T

k∑
t=1

(rt − r̄)

where r̄ = 1
T

∑T
t=1 rt. The R/S statistic is expressed as follows:

R

S
=

1√
T σ̂

MT

, where the partial summation is scaled by a multiple of sample standard
deviation of the returns series. Lo (1991) argues the R/S statistic could be

improved by replacing the sample standard deviation σ̂ =
√

1
T

∑T
t=1(rt − r̄)2

by the square root of Newey-West estimate of the long run variance σ̂ =

s[1 + 2
∑q

j=1(1 − j
q+1

)ρ̂j]
1
2 where ρ̂j is the sample autocorrelation of the

returns. The optimal bandwidth q for estimation the long run variance is
chosen as

⌊
4(T/100)1/4

⌋
, where b·c returns the integer part of the argument.

Detailed explanation can be found in Zivot and Wang (2003).

2.3.2 Semi-parametric GPH Test for Long Memory

The fractionally integrated process can be expressed by a spectral density
as follows (see Geweke and Porter-Hudak, 1983):

f(ω) = [4 sin2(
ω

2
)]−dfu(ω)

where ω is the Fourier frequency, and fu(ω) is the spectral density of the
white noise series ut. The GPH estimator of the fractional difference param-
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eter d is based on least squares estimate d̂ the following regression equation:

ln(f(ωj) = β − d ln[4 sin2(
ωj
2

)] + ej

for j = 1, 2, · · ·nf (T ), nf (T ) = Tα and 0 < α < 1. The least squares
estimate d̂ is normally distributed: d̂ ∼ N(d, π2

6
∑nf
j=1(Uj−Ū)2

), where Uj =

ln[4 sin2(
ωj
2

)] and Ū is the sample mean for {Uj}
nf
j=1.

2.3.3 GARCH Models

ARCH volatility modeling requires specification of mean equation and vari-
ance equation. After an auto-regressive moving average (ARMA) filtering
of a series, the residuals of the mean equation are linear uncorrelated or of
minor linear correlation, but still dependent. Therefore, the higher moments
of the residuals could exhibit linear dependence and ARCH family models
are to model the squared residuals from the mean equation.

In the general setting, mean equation can be expressed in the form of
auto-regressive fractionally integrated moving average with exogenous inputs
and volatility term model (ARFIMAX-ARCH-in-mean) as shown in Eq (1)
and Eq.(2). where yt is the series of interest and µt is the conditional mean
of yt, i.e. µt = E(yt|Ft−1). Ft−1 is the information set available at time t−1.
εt = yt − µt is called shocks or innovations representing new information
arriving at time t, which is an unpredictable component. (1 − L)d is a
fractional differencing capturing the long memory effect in the conditional
mean, where 0 < d < 1. Φ(L) and Θ(L) are lag polynomials for auto-
regressive and moving average representation respectively. For condition
mean equation in Eq.(2), {xi,t}mi=1 are m exogenous variables, n of which
have cross product terms with volatility σt. The last term is ARCH-in-mean
term, i.e., ξσkt where k can be 1 or 2, representing conditional standard
deviation or conditional variance respectively. The shocks or innovations
are generated by scaling a normalized random variable zt with conditional
standard deviation σt as shown in Eq.3. zt is usually specified to follow a
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standardized distribution with mean 0 and variance 1.

Φ(L)(1− L)d(yt − µt) = Θ(L)εt, (1)

µt = µ+
m−n∑
i=1

δixi,t +
m∑

i=m−n+1

δixi,tσt + ξσkt , (2)

The standard GARCH is proposed by Bollerslev (1986) and can be writ-
ten as Eq.(4). σ2

t is the conditional variance1 on the information available
at t − 1. The m external variables {vjt}mj=1 are indexed t just for notation
convenience.

∑q
j=1 αjε

2
t−j +

∑p
j=1 βjσ

2
t−j are linear combination of lagged

squared innovations and conditional variances. The unconditional variance
of the model is calculated as σ2

u = ω̂
1−

∑q
j=1 αj−

∑p
j=1 βj

.

εt = σtzt, zt ∼ D(0, 1) (3)

σ2
t = (ω +

m∑
j=1

ζjνjt) +

q∑
j=1

αjε
2
t−j +

p∑
j=1

βjσ
2
t−j (4)

Subtracting σ2
u from both sides of variance equation from GARCH yields

σ2
t − σ2

u =

q∑
j=1

αj(ε
2
t−j − σ2

u) +

p∑
j=1

βj(σ
2
t−j − σ2

u) (5)

The standard GARCHmodel implies conditional variance mean reverts to its
unconditional variance σ2

u. Persistence parameter defined as P̂ =
∑q

j=1 αj +∑p
j=1 βj can be interpreted as mean reverting rate and half-life defined as

h2l = − ln 2

ln P̂
is the periods required for half of expected reversion back toward

σ2
u. For GARCH(1, 1), l steps ahead forecast at t can be expressed as
σ̂2
t+l = σ2

u + (α1 + β1)l(σ2
t − σ2

u).

For daily returns in our analysis, mean equation is specified as µt = 0 and
variance equation is estimated with lags for squared shocks and conditional

1Some researchers denote conditional variance as ht such that εt = zth
1/2
t .
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variance up to two, i.e. p ∈ {1, 2} and q ∈ {1, 2}

rt = εt

εt = σtzt, zt ∼ D(0, 1)

σ2
t = ω +

q∑
j=1

αjε
2
t−j +

p∑
j=1

βjσ
2
t−j

2.3.4 Component GARCH

Engle and Lee (1999) argue that the persistence observed in the absolute
returns and squared returns is due to the change in the long-run volatility.
It is unreasonable to assume the unconditional variance σ2

u is fixed as in
standard GARCH model. Engle and Lee (1999) replaces the unconditional
variance σ2

u in Eq.5 with a so-called long run volatility qt in Eq.8. The condi-
tional variance is decomposed into a long run component qt and a short run
component st in Eq.(6). Under CGARCH specification, conditional vari-
ance mean reverts to its long run component qt and the long run component
evolves slowly in an auto-regressive way close to a unit root process.

σ2
t = qt + st (6)

st =

q∑
j=1

αj(ε
2
t−j − qt−j) +

p∑
j=1

βj(σ
2
t−j − qt−j) (7)

qt = ω + η11qt−1 + η21(ε2
t−1 − σ2

t−1) (8)

Short run component can also be expressed in an auto-regressive form: st =

(
∑q

j=1 αj +
∑p

j=1 βj)st−j +
∑q

j=1 αj(ε
2
t−j − qt−j). In component GARCH

model,
∑q

j=1 αj +
∑p

j=1 βj and η11 define the persistence parameters in the
short run and long run respectively.

2.3.5 Rolling estimation and out of sample forecasting

The returns in the last 1500 trading days, roughly equivalent to 6 calendar
years, are kept for out of sample forecast evaluation. Models are first es-
timated with the data in the sample excluding the last 1500 days. Then
optimal lags for both models are selected with different conditional distribu-
tions. In general, out of sample forecast can be made in two ways regarding
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to sample utilization: recursive windows and moving windows. Both meth-
ods estimate the specified model in the same sample of observations and
conduct forecasts with the specified horizon. Unlike the moving windows
methods recursive method drops the oldest observation when a new obser-
vation is added. In short, recursive windows keeps increasing the number of
sample for estimation while moving windows keeps the numbers of sample
fixed and moves the window forward for estimation. This chapter chooses
moving windows method to keep the re-estimated models comparable.

2.3.6 Volatility Proxy and Forecast Direct and Indirect

Evaluation

The key feature of the underlying volatility of assets returns is that volatility
is unobservable, even ex post. For daily data, the mean equation for these
series is not specified, and squared returns r2

t are used as volatility proxy2

for conditional variance σ2
t forecast evaluation.

In the literature, Mincer Zarnowitz (MZ) regression (Mincer and Zarnowitz,
1969) for single series of forecast is employed. This method essentially re-
gresses the realization on its ex ante forecast with the following regression
σ2
t = β0 + β1σ̂

2
t , where conditional variance σ2

t is replaced by its proxy, and
construct the hypothesis on OLS estimates β0 and β1, H0 : β0 = 0 ∩ β1 = 1

v.s Ha : β0 6= 0∪ β1 6= 1. If the forecast is unbiased and explains the volatil-
ity assuming the proxy of conditional variance is capturing the underlying
volatility, β0 = 0 and β1 = 1 is expected.

Sometimes pairwise comparison will be needed. Since failure to reject
the null hypotheses of the Mincer Zarnowitz regression for the forecasts do
not provide evidence on the superiority of one model over another, except
that R2 could be an indicator. Diebold Mariano test (Diebold and Mariano,
1995), however, tries to compare two series of forecasts. It also relies on the
proxy of conditional variance. It first computes two series of errors for tow
models: ejt = σ̂2

jt − σ2
t , where j ∈ {1, 2} and σ2

t is the proxy. The difference
of these two series of errors, {e1t− e2t} is not different from zero if these two
methods have the same accuracy in forecasting. Three possible hypotheses
tests can be conducted. They share the same null hypothesis that the mean

2An observable variable which is related to the underlying unobservable latent variable.
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of the {e1t − e2t}Tt=1 is not different from 0.Three alternative hypotheses
includes that the mean is different, greater or less than 0. This testing is
related to the predictive accuracy. For example, the mean is statistically
greater than 0 is equivalent to less predictive accuracy of the first model.

2.3.7 VaR Backtesting: unconditional coverage, inde-

pendence, and conditional coverage tests.

Volatility is intrinsically unobservable, and thus forecast must be evaluated
with an observable proxy. However, there is no agreed optimal choice for
the volatility proxy. Despite being one of the popular choices, the squared
returns {r2

t }Tt=1 series amplifies the outlier and thus forecast error is also am-
plified. The daily range calculated as the difference between the daily high
and daily low is a less noisy choice. When the target is to enhance option
hedging efficiency, the option implied volatility could be used as volatility
target. When any financial decision is to be made with the forecast, eco-
nomics loss function which measure the impact of forecast mistake becomes
a relevant choice. In this chapter, models and forecasts are also evaluated
with proxy-free methods. It evaluates the risk management performance
with Value at Risk (VaR) forecast and backtesting.

Based on the conditional distribution forecast3 and a specified level of
confidence α, VaR is calculated after each rolling estimation. VaR is essen-
tially the level of specified α-quantile of the return conditional distribution,
i.e. V aRα(L) = inf{l ∈ R : P (L > l) ≤ 1 − α} = inf{l ∈ R : FL(l) ≥ α}
where L is the loss of the portfolio under study. It is widely employed by
portfolio managers and institutions for risk management and monitoring
purpose. Given the confidence level α for VaR calculation, the long-term
frequency of VaR breaks is equal to the per-specified probability α by defi-
nition, which means returns may fall below VaR calculated with a probability
equal to α. It promises out of T observations, there are actual returns worse
than VaR at only α∗T times on average. Thus backtesting the VaR forecast
can cast light on the volatility modeling.

The violation series constructed from indicator function with ex ante

3Here estimating the conditional distribution is to estimate the parameters specifying
the distribution.
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VaR forecast and ex post returns has the following form:

It =

1, if rt < −V aRα
t (violation)

0, if rt ≥ −V aRα
t

,

where rt is the realized return at time t and V aRα
t is the value at risk forecast

for time t given Ft−1, the information set at time t−1. This sequence should
be by definition unpredictable since the violations only have a pre-specified
probability α and are independent.

Kupiec (1995) argues that with correctly specified volatility model and
independent VaR hits, T1 failures out of T observations regardless of order
has a probability given by αT1(1 − α)T−T1 , where α is the probability of
a failure for any one of the T independent trials. The observed fraction
of failure in the sequence is given by π̂ =

∑T
i=1 Ii
T

= T1
T

and the likelihood
function yields L(π̂) = (T1/T )T1(1−T1/T )(T−T1). UnderH0 : π = α (the VaR
is correctly specified) for unconditional coverage test, likelihood function can
be expressed as L(p) = αT1(1− α)T−T1 . Therefore, the likelihood ratio test
for the null hypothesis that π = α has likelihood ratio test with test statistic
given by LRuc = −2 ln[(1−α)T−T1αT1 ] + 2 ln[(1− π̂)T−T1 π̂T1 ]. It is called PF
(proportion of failures) test. Under the null hypothesis, LR ∼ χ2

1, i.e. PF
test follows a chi-square distribution with 1 degree of freedom.

The above test implicitly assumes the VaR hits are independent. VaR
hits, however, are often observed to be clustering, especially when the fore-
cast is made with historical simulation which updates information slowly.
Clustering could be a sign of risk model misspecifications since cluster-
ing implies that the probability of tomorrow being a hit is higher than
the pre-specified probability α if today is a hit. Christoffersen (1998) pro-
poses a method to test the independence against first-order Markov alter-
native. First-order Markov chain with transition probability matrix Π1 =[

1− π01 π01

1− π11 π11

]
, where πij = Pr(It = j|It−1 = i). The likelihood func-

tion L(Π1) = (1 − π01)T00πT0101 (1 − π11)T10πT1111 , where Tij, i, j = 0, 1 is the
number of observations with a realization j following a realization i. Max-
imum likelihood gives matrix of estimated transition probabilities Π̂1 =[

T00
T00+T01

T01
T00+T01

T10
T10+T11

T11
T10+T11

]
in such an intuitive way. Under the null hypothe-
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sis of independent violations H0 : π01 = π11 = π4, the transition ma-

trix becomes Π̂ =

[
1− π̂ π̂

1− π̂ π̂

]
. The likelihood function is L(Π̂) = (1 −

π̂)T00+T10 π̂T01+T11 = (1 − T1/T )(T−T1)(T1/T )T1 , the same as the one in alter-
native hypothesis from the unconditional coverage test. Therefore the likeli-
hood ratio test for independence hypothesis is given as LRind = −2 ln[L(Π̂)/L(Π̂1)] ∼
χ2

1.
In practice, the joint hypothesis of independence and coverage rate are

of interest. The joint test combining the test of independence and correct
rate is essentially testing for π01 = π11 = α.5 It also takes a likelihood ratio
form LRcc = −2 ln[L(p)/L(Π̂1)] = LRind + LRuc ∼ χ2

2.

2.4 Results

2.4.1 Data Description

Commodity trading such as agricultural products has become more complex
and influential since Chicago Board of Trade launched future trading in
1884. Price movements have impacts on the future market not only due
to the leverage characteristics but also because they reflect information flow
related to agricultural production. Four agricultural commodities continuous
futures traded on the Chicago Board of Trade (CBOT) are examined: CBOT
Corn Futures, #1 (C1), CBOT Rough Rice Futures, #1 (RR1), CBOT
Soybean Futures, #1 (S1), CBOT Wheat Futures, #1 (W1). The corn, rice,
soybean and wheat commodities continuous futures contracts analyzed are
obtained from Quandl via R Application programming interface (API)6. It
is noted that future contracts have a predetermined life span, and therefore
any particular contract expires on the maturity day when the contract is
settled. Continuous futures contracts, however, are artificially constructed
by chaining different individual contracts on the same product with different
expiration dates with particular rolling algorithm to represent future prices
in a single series. Daily data spans from 3rd Jan 1994 to 18th Feb 2015. The

4It implies the conditional probabilities of tomorrow being a hit on today being a hit
or not are the same

5Notice that unconditional coverage test tests for π = p and independence test tests
for π01 = π11 = π.

6Please see http://cran.r-project.org/web/packages/Quandl/index.html
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original data consist of daily open, high, low, settlement prices, open interest
and trading volume. Since settlement price is used to determine profit or
loss and margin requirements, it is used for our returns calculation. Daily
continuously compounded returns are defined as the natural logarithm of
the ratio of settlement price of today to yesterday, i.e. rt = ln( pt

pt−1
).

The descriptive statistics and preliminary test results are given in Table
2.1. Similar to most of the financial data, the means of the four returns are
far smaller in magnitude than standard deviations and therefore are not sig-
nificantly different from zero. However, the Ljung-Box test statistic shows
null hypotheses that the 24 lags of auto-correlations are jointly 0 are rejected
at less than 1% significance level, suggesting evidence of linear dependence.
The four series have kurtosis far larger than 3, suggesting the unconditional
distributions of the four series are leptokurtic, or leptokurtotic with sharp
peaks and fat tails compared to normal distribution. The signs of skewness
are mixed and Jarque Bera test for normality rejects normality for all of
the four series at less than 1% significance level. Ljung–Box test statistic
for squared returns shows strong dependence in all of the four series. La-
grange multiplier test of Engle (1982) confirms ARCH effect for soybean and
wheat at less than 1%, corn at 5% and rice at 10% significance level, which
finds evidence on ARCH effect. The contract trading volume along with the
price dynamics are shown in Figure 2.1. The price dynamics exhibit simi-
lar pattern especially they all increase dramatically around 2007 and 2008

when world food price crisis occurred. Trading activity exhibits tranquil and
turbulent periods along the whole span.

2.4.2 Tests for Long Memory

As shown in Table 2.2 and Table 2.3, long memory behavior of the four
series is found in squared and absolute returns but not in the return itself
by parametric Lo 1991, ’s modified R/S test and semi-parametric GPH test.
This result suggests the necessity of modeling the long memory behavior in
the volatility explicitly.
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Figure 2.1: Settlement Prices and Trading Volumes for Corn(C1),
Rice(RR1), Soybean(S1) and Wheat(W1)
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Table 2.1: Descriptive Statistics and Preliminary Test Results for Returns

Return Series Corn Rice Soybean Wheat
Mean (%) 0.004213 −0.001319 0.02222 0.006535
Minimum (%) −27.62 −24.45 −23.41 −28.61
Maximum(%) 12.76 28.08 20.32 23.29
Std.Dev (%) 1.836 1.742 1.685 1.999
Skewness −1.218 0.1073 −1.091 −0.1774
Kurtosis 20.62 24.50781 17.31 12.96
Num. of Obs. 5316 5320 5320 5321
Jarque Bera 95569.9∗∗∗ 133262.9∗∗∗ 67517.9∗∗∗ 37325.3∗∗∗

Q(24) 57.41∗∗∗ 44.12∗∗∗ 66.84∗∗∗ 61.66∗∗∗

Qs(24) 46.21∗∗∗ 45.09∗∗∗ 964.7∗∗∗ 848.7∗∗∗

ARCH Test (12) 22.24∗∗ 19.07∗ 688.9∗∗∗ 910.2∗∗∗

Note: Jarque Bera is the test statistic for Jarque Bera normality test
with null hypothesis that sample is from a normal distribution. Q(24)

and Qs(24) are Ljung–Box test statistic with null hypothesis that the 24
lags of auto-correlations are jointly 0 for returns and squared returns,
respectively. ARCH test stands for Lagrange multiplier test for null
hypothesis that no ARCH effect exists in the series. ∗, ∗∗, ∗∗∗ denote
rejection at 10%, 5% and 1% significance level respectively.

Table 2.2: Estimation results from Lo’s modified R/S tests for returns,
squared returns and absolute returns

Corn Rice Soybean Wheat

Returns 1.04026 1.52328 1.05564 1.14683
Squared Returns 4.77978∗∗∗ 3.18148∗∗∗ 4.00668∗∗∗ 5.11746∗∗∗

Absolute Returns 2.62713∗∗∗ 2.22332∗∗∗ 2.46294∗∗∗ 2.36712∗∗∗

Note: The table of critical values is given in Lo (1991) p.1288.

2.4.3 Estimation

Estimation result of GARCH and Component GARCH for orders from (1, 1),
(1, 2), (2, 1), (2, 2) with normal, student, (skewed) general error distribution
in total estimated 128 models for 4 series are reported in the Appendix.
Residual diagnostics for serial correlation in the standardized residuals and
squared standardized residuals pass for all the models but the results are not
reported. The optimal orders are selected by BIC with other information
criteria provided as well. All of the chosen models pass model checking
with standardized residuals and squared of standardized residuals for serial
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Table 2.3: Estimation results from GPH tests for returns, squared returns
and absolute returns

Corn Rice Soybean Wheat

Returns 0.06841
(0.4126)

0.1176
(0.1592)

0.02503
(0.7643)

−0.08606
(0.3027)

Squared Returns 0.3039
(0.0003)

0.2737
(0.0010)

0.2881
(0.0006)

0.2227
(0.0077)

Absolute Returns 0.5161
(0.0000)

0.4662
(0.0000)

0.4588
(0.0000)

0.4778
(0.0000)

Note: The null hypothesis is H0 : d = 0 (stationary without long mem-
ory) H1 : 0 < d < 0.5 (stationary with long memory). I chose α = 0.5

for frequencies nf (T ). The numbers in the parentheses are p − values
and asymptotic standard errors for all the estimates are 0.08351.

correlation. In general, optimal orders of lags chosen by four information
criteria in most of the GARCH and CGARCH models are (1, 1), (1, 2). BIC
is used for the optimal order selection since BIC is consistent by selecting
the model with the correct structure with probability one and is used for
model comparison across different probability distributions. Except in the
case of GARCH specification with normal distribution for wheat for which
(1, 2) is picked, all models are selected with (1, 1) by BIC. Within either
standard GARCH or component GARCH models with different conditional
distributions, BIC favors student distribution over others which suggests fat
tail is the most striking stylized fact worth capturing among all the non-
normal characteristics in the conditional distribution.

Estimates and their statistical significance across models tend to be ro-
bust to the order for lag (1, 1), (1, 2) and (2, 1). When the ε2

t−2 is added
into the model in some cases, however, some of the other estimates change
to a large extent or become insignificant. For the shape and skew param-
eters in the student and (skewed) GED distributions, the estimates are all
highly significant and robust across different orders within the same model
and across both standard GARCH and component GARCH model. This
finding again documents evidence for the non-normal characteristics for the
conditional distribution such as skewness and heavy tails. One interesting
finding regarding the skewness as measured by the inverse scale factor is
that almost all estimates for skew are significantly larger than 1 for corn
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and wheat, insignificant for rice and significantly smaller than 1 for soybean
both in standard GARCH and component GARCH model. This result sug-
gests more extremely positive shocks for corn and wheat returns but more
extremely negative shocks for soybean.

The estimates of the short term components parameters are highly signif-
icant except in the case of short term component with student distribution
for rice, and short term component with sged distribution for soybean. All
of the estimates for long term component parameters are significant at 0.1%

and close to unity with the range from 0.981 to 0.99909. It suggests the
component structure in the volatility. Focusing on the component GARCH
model with optimal conditional distributions selected by BIC, the long run
component estimates suggests half life ranging from 50 to 90 trading days,
which is equivalent to 2 to 4 months. On the contrary, the standard GARCH
model counterparts suggest shorter periods from 40 to 60 trading days.

Diebold-Mariano test for predictive accuracy is employed on the out
of sample rolling estimation with one day ahead forecast. In the Table
in Apendix, DM Statistic shows the test statistic, and the third to fifth
columns show the p values for three hypotheses with the same null hypoth-
esis but different alternative hypotheses. Null hypothesis is that standard
GARCH and component GARCH have the same accuracy and different al-
ternative hypotheses are two methods have different predictive accuracy,
component GARCH is more accurate and component GARCH is less pre-
cise. The Diebold-Mariano test compares the result the predictive accuracy
of models with the same order and same distributional assumption and find
for corn, soybean and wheat. There is strong evidence for the superiority
of the component GARCH model. However, in the case of rice return, pre-
dictive accuracy superiority only exists for models with normal distribution
and it is inconclusive for model with other distributions.

Diebold-Mariano test compares the forecast error, but the result could
be sensitive to the choice of the volatility proxy. Thus, in each of the rolling
estimations, the conditional density of the return of the next period is calcu-
lated with the estimates of the GARCH model and conditional distribution.
The ex-ante V aRα

t+1 is calculated and compared with the ex-ante realization
of return rt+1 to arrive at a violation series. The violation series is backtested
and the result is reported in Table 2.4, 2.5, 2.6 and 2.7. Both results with

29



α = 0.01 and α = 0.05 are reported. The quantiles chosen here have nothing
to do with conventional level of statistical significance but the adequacy of
capturing the tail behavior of the density forecast. The last 1500 returns
are kept for out of the sample forecast and expected VaR exceedances of
are 15 and 75 for α = 1% and α = 5 respectively. For the unconditional
test (Kupiec, 1995), the closer total actual VaR violations is to the expected
ones, the better the model is capturing the lower α quantile. On one hand,
if the ex-post VaR violations are statistically more than the expected oc-
currences, the actual left tail of the underlying conditional distribution will
have fatter tail than the one modeled. On the other hand, the model can be
overestimating the variance as well as the VaR forecast. In our estimation,
both unconditional coverage test (Kupiec, 1995) and conditional coverage
test (Christoffersen, 1998) are more likely to reject the null hypothesis of
correct unconditional coverage with the coverage ratio α = 1% than with
coverage ratio α = 5%. This result suggests the estimated models is inade-
quate for capturing the most extreme events compared to the less extreme
events. Violation clustering in the α = 1% tail also suggests the potential
failure of both GARCH models to update the one in a hundred worst return
for the volatility. For the conditional coverage test (Christoffersen, 1998),
not only the total actual VaR violations but also the order of the violations
matters. Among all the distribution, the VaR forecast seems to perform
best with the student distribution, which is consistent with the result of the
information criteria, although both skewness and shape parameters of sged
are also found to be highly significant. It suggests the estimation of the ad-
ditional parameters may also increase the estimation error and subsequent
inaccuracy in out of sample forecast despite the existence of the skewness in
the conditional distribution. When comparing the VaR backtesting result
for the two GARCH models, one should find out the component GARCH
model performs at least as well as the standard GARCH model with the
same conditional distribution.

2.5 Conclusion

This chapter examines the long run dependence in return volatility of the
four agricultural commodity futures, namely, corn, rice, soybean, and wheat
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Table 2.4: VaR backtesting result for corn

Model Standard GARCH / Component GARCH
Conditional

Dist. norm std ged sged

α = 1%
Actual VaR
Exceed 28 27 23 20 23 23 25 24

LR.uc
Statistic 9.067 7.838 3.706 1.524 3.706 3.706 5.609 4.615

LR.uc
p-value 0.3% 0.5% 5.4% 21.7% 5.4% 5.4% 1.8% 3.2%

LR.cc
Statistic 9.426 8.272 4.532 2.756 4.532 4.532 6.22 5.329

LR.cc
p-value 0.9% 1.6% 10.4% 25.2% 10.4% 10.4% 4.5% 7%

α = 5%
Actual VaR
Exceed 57 62 75 74 62 66 69 68

LR.uc
Statistic 4.941 2.514 0 0.014 2.514 1.183 0.519 0.709

LR.uc
p-value 2.6% 11.3% 100% 90.5% 11.3% 27.7% 47.1% 40%

LR.cc
Statistic 5.252 2.66 0.026 0.061 3.323 1.19 0.764 1.014

LR.cc
p-value 7.2% 26.5% 98.7% 97% 19% 55.2% 68.2% 60.2%

Note: With sample size 1500, expected exceedences are 15 and 75 for
α = 1% and α = 5 respectively. LR.uc stands for likelihood ratio test for
unconditional coverage test (Kupiec, 1995). LR.uc stands for likelihood
ratio test for conditional coverage test Christoffersen (1998).
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Table 2.5: VaR backtesting result for rice

Model Standard GARCH / Component GARCH
Conditional

Dist. norm std ged sged

α = 1%
Actual VaR
Exceed 7 7 12 12 4 6 6 6

LR.uc
Statistic 5.373 5.373 0.651 0.651 11.507 7.059 7.059 7.059

LR.uc
p-value 2% 2% 42% 42% 0.1% 0.8% 0.8% 0.8%

LR.cc
Statistic 6.745 5.773 0.713 0.713 12.743 8.193 10.13 9.52

LR.cc
p-value 3.43% 5.58% 70.0% 70.0% 0.17% 1.66% 0.63% 0.85%

α = 5%
Actual VaR
Exceed 53 55 67 71 57 62 60 62

LR.uc
Statistic 7.535 6.162 0.93 0.228 4.941 2.514 3.841 2.514

LR.uc
p-value 0.6% 1.3% 33.5% 63.3% 2.6% 11.3% 6.6% 11.3%

LR.cc
Statistic 9.532 7.825 4.33 3.487 6.304 6.257 5.759 6.257

LR.cc
p-value 0.9% 2% 11.47% 17.49% 4.3% 4.4% 5.6% 4.4%

Note: With sample size 1500, expected exceedences are 15 and 75 for
α = 1% and α = 5 respectively. LR.uc stands for likelihood ratio test for
unconditional coverage test (Kupiec, 1995). LR.uc stands for likelihood
ratio test for conditional coverage test Christoffersen (1998).
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Table 2.6: VaR backtesting result for soybean

Model Standard GARCH / Component GARCH
Conditional

Dist. norm std ged sged

α = 1%
Actual VaR
Exceed 31 30 23 21 22 22 21 20

LR.uc
Statistic 13.181 11.741 3.706 2.156 2.885 2.885 2.156 1.524

LR.uc
p-value 0% 0.1% 5.4% 14.2% 8.9% 8.9% 14.2% 21.7%

LR.cc
Statistic 13.361 11.973 4.532 3.241 3.834 3.834 3.241 2.756

LR.cc
p-value 0.1% 0.3% 10.4% 19.8% 14.7% 14.7% 19.8% 25.2%

α = 5%
Actual VaR
Exceed 79 76 82 85 79 78 73 71

LR.uc
Statistic 0.221 0.014 0.668 1.348 0.221 0.125 0.057 0.228

LR.uc
p-value 63.8% 90.6% 41.4% 24.6% 63.8% 72.4% 81.2% 63.3%

LR.cc
Statistic 3.409 0.363 5.991 3.358 3.409 1.039 4.74 1.002

LR.cc
p-value 18.2% 83.4% 9.4% 18.7% 18.2% 59.5% 9.3% 60.6%

Note: With sample size 1500, expected exceedences are 15 and 75 for
α = 1% and α = 5 respectively. LR.uc stands for likelihood ratio test for
unconditional coverage test (Kupiec, 1995). LR.uc stands for likelihood
ratio test for conditional coverage test Christoffersen (1998).
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Table 2.7: VaR backtesting result for wheat

Model Standard GARCH / Component GARCH
Conditional

Dist. norm std ged sged

α = 1%
Actual VaR
Exceed 17 15 14 14 13 13 18 15

LR.uc
Statistic 0.258 0 0.069 0.069 0.282 0.282 0.57 0

LR.uc
p-value 61.1% 100% 79.3% 79.3% 59.5% 59.5% 45% 100%

LR.cc
Statistic 0.367 0.014 0.175 0.134 0.349 0.467 0.671 0.013

LR.cc
p-value 83.2% 99.3% 91.6% 93.5% 83.9% 79.2% 71.5% 99.3%

α = 5%
Actual VaR
Exceed 75 71 76 75 72 71 81 79

LR.uc
Statistic 0 0.228 0.014 0 0.128 0.228 0.493 0.221

LR.uc
p-value 100% 63.3% 90.6% 100% 72.1% 63.3% 48.3% 63.8%

LR.cc
Statistic 0.018 0.273 0.02 0.42 0.217 0.355 0.588 0.398

LR.cc
p-value 99.1% 87.2% 99% 81% 89.7% 83.8% 74.5% 82%

Note: With sample size 1500, expected exceedences are 15 and 75 for
α = 1% and α = 5 respectively. LR.uc stands for likelihood ratio test for
unconditional coverage test (Kupiec, 1995). LR.uc stands for likelihood
ratio test for conditional coverage test Christoffersen (1998).
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with daily returns from 3rd Jan 1994 to 18th Feb 2015. It confirms the
existence of the long run dependency with two tests. The return volatility is
later modeled by standard GARCH model and component GARCH model
with normal, student, (skewed) generalized error distributions and different
lag specifications. The estimated models confirm the long run and short
run component structure with component GARCH model in most of the
cases. In addition to the heavy-tailness, skewness of the conditional distri-
bution is also found with strong evidence. The estimated model optimal lag
and conditional distribution were then rolled over for out of sample one day
ahead conditional variance forecast and VaR forecast. The out of sample
forecast evaluation with Diebold-Mariano test suggests the superiority of
the component GARCH over the standard GARCH model. The VaR fore-
cast is backtested with unconditional coverage and conditional coverage test
and the results again favor the component GARCH over standard GARCH
model for risk management purposes. The existing literature does not pay
much attention to the long memory volatility in agricultural commodity
given the importance of economic decision related to volatility such as risk
management, portfolio optimization, option pricing, etc and the devastating
consequences their failure would bring. This chapter contributes by docu-
menting the empirical evidence on the existence of volatility persistence and
the superiority of component GARCH model over standard GARCH model
in modeling the conditional volatility process as evidenced by out of sample
forecast valuation as well as VaR backtesting.

35



36



Chapter 3

Essay Two: Asymmetric Price
Transmission in Global Energy
Grain Nexus

3.1 Introduction

Since the beginning of the 21st century, the global agricultural commodity
price has increased dramatically. Especially the global food crises during
2007 to 2008 led to political and economic instability as well as social un-
rest. It has attracted attention from policy makers, international investors,
as well as academia. Food prices are of welfare implication especially for
those countries relying heavily on food import from the policy perspective.
Agricultural commodity is also one of the main asset classes and industrial
inputs when it comes to asset allocation for asset managers, investment for
investors as well as risk management for industrial producers. Researchers
argue that energy price is one of the main driver for rocking agricultural
commodity prices through three channels. The first channel is through agri-
cultural production cost for input such as diesel, fertilizers, and pesticides.
Historically agricultural sector has been energy intensive. Without con-
sidering the energy stored during the process of photosynthesis, planting,
harvest and transportation for agricultural industrial are energy demanding
especially in industrialized countries. Second, the recent rapid development
in biofuel has strengthened the energy-agricultural linkage, i.e., the food v.s.
fuel trade-off. Biomass such as corn and sugarcane as input can be converted
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into ethanol and bio-diesel, which are substitutes for fossil fuels. Renewable
Fuels Association (RFA, 2014) estimates the global fuel ethanol production
to be 24.5 billion of gallons based on public and private sources. It is also
reported biodiesel production in European Union adds up to 10 million tons
(EBB, 2013) and global biodiesel production estimate is 5.6 billion of gallons
Brown (2012). Economic theory suggests fossil fuel prices rise could boost
the price of the biofuel as substitute good and hence increase the value of
the marginal product of agricultural commodity as well as its demand. It
in turn squeezes out or crowds out the agricultural commodity for food con-
sumption. The above two channels focus on the direct effect of energy on
agricultural commodity while the third link involves exchange rate in an in-
direct manner. Most oil contracts traded globally are denominated in U.S.D,
and therefore the appreciation (or depreciation) of the U.S.D against local
currency will result in the increase (or decrease) in the local prices of the oil
related inputs. Hence it affects the local price of agricultural products.

In the next section, related literature on price transmission and energy-
agricultural linkage modeling is reviewed. In section 3, methodology and
models applied in this chapter are discussed. It is followed by the estimation
result which shows there is evidence of non-linearity in price transmission
between energy-agricultural indices. The chapter ends with the conclusion
and the potential.

3.2 Literature Review: Mixed Findings in the

Linkage

There are several strands of literature related to the energy-agricultural link-
age with the majority focusing on empirical evidence. Starting from the
theoretical models studying the adjustment channels, Gardner (2007) illus-
trates how under different subsidy schemes, corn growers would prefer the
government’s subsidy dollar spent directly on corn subsidies or a subsidy
on ethanol made from corn with a vertical market model involving ethanol,
byproduct, and corn production. De Gorter and Just (2008) relate price of
ethanol to corn and oil prices through two key policies - consumer fuel tax
with differential biofuel tax exemption and biofuel mandates. This model
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is extended in De Gorter and Just (2009) to consider the interaction effect
of tax credit for biofuel consumption with price contingent production sub-
sidies as well as its welfare implication. All these models only incorporate
the channel of demand for agricultural commodity as input biofuel produc-
tion but fail to consider the indirect mechanism of fossil fuel as an input in
agricultural commodity production. Besides, theses models focus on effect
on biomass commodity but ignore the possibility of affecting commodity not
used in biofuel production. These two shortcomings are resolved in a ver-
tically integrated theoretical model developed in Ciaian and Kancs (2011b)
and Ciaian and Kancs (2011a). In these two papers, both biomass used
for biofuel production and food not suitable for biofuel production are in-
cluded in the model to illustrate the interaction effect among commodity
market. Fossil fuel as indispensable input for agricultural commodity is also
considered.

Empirical analysis of the existing literature regarding biofuel related com-
modity transmission concentrates on both price level and volatility level.
The family of conditional volatility models stimulated by autoregressive con-
ditional heteroskedasticity (ARCH) (Engle, 1982) and its subsequent gen-
eralized autoregressive conditional heteroskedasticity (GARCH) (Bollerslev,
1986) has been the one of the workhorses for time varying and clustering
volatility modeling. Multivariate GRACH model serves as an example in the
existing literature to study the volatility dynamics interaction and spillover
(Serra and Gil 2012; Serra, Zilberman, and Gil 2011; Trujillo-Barrera, Mal-
lory, and Garcia 2012; Wu, Guan, and Myers 2011; Zhang, Lohr, Escalante,
and Wetzstein 2008,0). Similarly, since the seminal work of Nobel laureate
Engle and Granger (1987b), vector error correction model (VECM) and its
extension have been utilized to study the long run equilibrium between non-
stationary variables and their disequilibrium adjustment process. This chap-
ter focuses on the price dynamics interaction. The existing literature mainly
utilizes VECM and the finding regarding the price interaction is mixed. Most
authors find evidence on biofuel or energy price affecting feed-stock prices in
the long run with local or international data ranging from quarterly data to
daily data (Balcombe and Rapsomanikis, 2008; Busse et al., 2012; Campiche
et al., 2007; Ciaian and Kancs, 2011a,1, among others) while other do not
(Hassouneh et al., 2012; Mallory et al., 2012; Qiu et al., 2012; Yu et al., 2006;
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Zhang and Reed, 2008). As pointed out by Enders and Granger (1998), tests
for unit roots and cointegration have low power to detect unit roots or coin-
tegration in the presence of asymmetric adjustment. It is possible that the
failure of some of the existing literature to detect cointegration is due to the
failure to take care of the asymmetry. Therefore this chapter investigates
the possible nonlinearity by applying nonlinear cointegration methods with
ECM proposed by Sun (2011).

Literature on nonlinear time series models concerning adjustment mech-
anism has grown in recent years. Studies regarding the key macroeconomic
variables such as gross real product, unemployment and industrial produc-
tion have shown evidence on asymmetric adjustment. Extension to mul-
tivariate models on asymmetric adjustment have also witnessed its rapid
growth in examining relevant macroeconomic variables and financial vari-
able such as production, inventory, and inters rates. For example, Siklos
and Granger (1997) find the time varying strength in the interest rate parity.
Enders and Granger (1998) and Enders and Siklos (2001) examine the long
term and short term interest rate with asymmetric adjustment. One concept
closely related to nonlinear cointegration is asymmetric price transmission.
It is referred to a phenomenon that price series responds systematically
differently to previous positive and negative price changes. It is observed
that in many markets output prices respond asymmetrically to input price
changes, and this may point to a gap in economics theory. Asymmetric
price transmission (APT) also has policy implication in term of welfare dis-
tribution between producers and costumers. Meyer and Cramon-Taubadel
(2004) and Frey and Manera (2007) serve as two survey papers on asymmet-
ric price transmission. In Meyer and Cramon-Taubadel (2004), the authors
classify types of asymmetric price transmission according to three criteria,
namely, whether the speed or magnitude of price transmission is asymmet-
ric, whether output prices respond more fully or rapidly to an increase in
input prices than to a decrease (positive or negative), and whether it affects
prices in different level of the market chain or at different areas (vertical or
spatial). It also reviews the causes of asymmetric price transmission pro-
posed in the literature such as market power, adjustment and menu cost,
price support and etc. Frey and Manera (2007) survey the nonlinear econo-
metric models that could be applied to study asymmetric price transmission.
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The authors classify the models into four types, namely the autoregressive
distributed lag (ARDL) model, the partial adjustment model (PAM), the
error (or equilibrium) correction model (ECM), the regime switching model
(RSM) with their multivariate extensions. In this chapter, linear and nonlin-
ear cointegration and error correction model are employed only to study the
asymmetry on the speed of price transmission, but not the magnitude, since
APT with regard to magnitude implies permanent shocks and effect, which
is driving the variables apart in the long run and thus render the variables
in the system unable to be cointegrated.

3.3 Methodology

Cointegration was proposed in the beginning of 1980’s by Engle and Granger
(1987b) and has been applied to study the long run relationship between
economics variables. Its recent development can be found in Johansen
(2009). In this chapter, both of the Johansen and Engle-Granger two-step
approaches are utilized to model cointegration and they both assume linear
and symmetric relation between variables. However, in recent year, it has
been documented that the relationship between commodities exhibits asym-
metry. Thus threshold cointegration and its asymmetric error correction
model are also employed to study global energy grain nexus.

3.3.1 Engle-Granger two-stage approach

Engle and Granger (1987b) propose an two-step approach to estimate long
run equilibrium based on symmetric error process as follow.

gt = β0 + β1nt + εt (9)

∆ε̂t = ρε̂t−1 +

p∑
i=1

φi∆ε̂t−i + εt (10)

where βo, β1, ρ, and φi are coefficients, εt is the error term, ε̂t is the estimated
residuals from the Eq.(9) by OLS, ∆ indicates the difference operator, εt is
a white noise error term, and p is the number of the lags. In the first
step, global grain price index gt and is regressed on global energy price
index nt since energy price is assumed to be driving force of the dynamics
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as standard practice and finding in the literature. Although this method
forces the researcher to treat the two variables in the system asymmetrically,
similar result for this approach and the following methods is found when
these two variables are treated the other way around.

Suppose two variables gt and nt are both integrated of order one, i.e.
I(1). The first step is to run the regression in Eq.(9). If the two variable
gt and nt are indeed co-integrated, denoted as CI(1, 1), the residuals ε̂t will
be stationary and the OLS estimate of the weight (the long-run parameter
estimate) β̂1 from the first step regression will be super-consistent, which
means they converge to the population value faster than they do in OLS
models with stationary variables1. In the second step, the stationarity of
the residual series ε̂t is tested by performing Augmented Dickey–Fuller test
with the auto-regression in Eq.(10). To correct for the serial correlation in
the regression residuals ε̂t, lagged values ∆ε̂t−i were added and the number
of lag could be selected by information criteria such as Akaike Information
Criterion (AIC) and Bayesian Information Criterion (BIC), or diagnostic
tests such as Ljung–Box Q test. The failure to reject the H0 : ρ = 0

(the null hypothesis of non-stationarity) can confirm the unit root in the
residuals which in turn excludes the possibility of cointegration of gt and nt.
Otherwise, the rejection of the null hypothesis of unit root in the residuals
will imply stationarity of the residual sequence ε̂t and cointegration of gt and
nt. However, one should note that OLS fits the model by minimizing the
sum of squared residuals. Therefore without the prior information regarding
the true β0 and β1 as in the case where long run relationship in Eq.(9)
is estimated but not predetermined as suggested by theory, the estimated
residuals will be biased toward finding a stationary error process. Hence, the
ADF and PP unit root tests on the Eq.(10) do not follow the usual Dickey-
Fuller distributions under the null hypothesis of no-cointegration but instead
the PO distributions (Phillips and Ouliaris, 1990).

As guaranteed by Granger representation theorem, the evidence on coin-
tegration (ρ 6= 0) could be followed by error correction model which takes
out the 1 lagged residual ε̂t−1 as deviation from the long run equilibrium
relationship and puts it as error correction term into the error-correcting

1If φ̂ is super-consistent, φ̂ p→ φ at at rate T instead of the usual rate T 1/2
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model:

∆gt = α1 + αg ε̂t−1 +
∑
i=1

α11(i)∆gt−i +
∑
i=1

α12(i)∆nt−i + ugt (11)

∆nt = α2 + αnε̂t−1 +
∑
i=1

α21(i)∆gt−i +
∑
i=1

α22(i)∆nt−i + unt (12)

3.3.2 Johasen’s method

Although the Engle and Granger (1987b) procedure is easily implemented,
it requires an asymmetric and an choice of left-hand side and right-hand side
variables and two-step estimation may carry on error from the first to the
second. The Granger representation theorem (Engle and Granger, 1987b)
establishes the equivalence for cointegration and error correction model and
Johansen (1988) establishes cointegration and error correction models in a
vector autoregression framework. Specifically, Johansen (1988) generalizes
the Dickey–Fuller test to multivariate case and treat all the variables in
the potential cointegration system symmetrically by starting from the so-
called levels vector autoregressive with k lags and rearranging it into a vector
autoregressive model in the differenced variable as follows:

Xt = µ+ ΦDt + Π1Xt−1 + · · ·+ ΠkXt−k + ξt (13)

∆Xt = µ+ ΦDt +
k−1∑
i=1

Γi∆Xt−i + ΠXt−k + ξt or, (14)

∆Xt = µ+ ΦDt +
k−1∑
i=1

Γ′i∆Xt−i + ΠXt−1 + ξt (15)

where Xt are vector of variables of interests at time t, k is the num-
ber of lag, Πi are coefficient matrices for level VAR, ξt is an unobservable
zero mean white noise vector process, ∆ indicates the differencing operator,
and I is the identity matrix, the Γi =

∑i
j=1 Πj − I represent cumulative

long-run impacts in Eq.(14); Γ′i = −
∑k

j=i+1 Πj measures transitory effects
and are called the short-run impact matrices in Eq.(15) Π =

∑k
i=1 Πi − I is

the same in the two specifications. The approach of Johansen (1988) exam-
ines cointegration relationship by constructing likelihood ratio tests for the
rank of Π to determine the number of cointegrating vectors. It is evident
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from Eq.(13) that unit roots in V AR(k) process require Π to be a singu-
lar matrix and therefore has reduced rank i.e., rank(Π) = r < n. There
are two cases to consider: i) rank(Π) = 0 implies that Π = 0 and Xt is
I(1) and not cointegrated; ii) 0 < rank(Π) = r < n implies Xt is I(1)

with r linearly independent cointegrating vectors and common stochastic
trends in the system. In practice, with only the estimated Π̂ the character-
istic roots or eigenvalues can be calculated and ordered in such a way that
λ1 > λ2 > · · · > λn. There are two likelihood ratio tests with the same
null hypothesis but different alternative hypotheses. Johansen’s LR statis-
tic tests the nested hypotheses H0(r) : r = r0 v.s. Ha(r0) : r > r0 with LR
statistic, called the trace statistic given by λtrace(r0) = −T

∑n
i=ro+1 ln(1−λ̂i).

Johansen proposes a sequential bottom-up procedure to consistently deter-
mines the number of cointegrating vectors by first testing H0(r = 0) against
Ha(r > 0) and, if it is rejected, move on to H0(r = 1) against Ha(r > 1).
This procedure carries on until the failure to reject the null hypothesis and
one can conclude that the number of cointegrating vectors is equal to the
value under the null one fails to reject. The maximum eigenvalue statis-
tic for the hypotheses H0(r) : r = r0 v.s. Ha(r0) : r = r0 + 1 is given by
λmax(r0) = −T ln(1 − λ̂r0+1). The basic idea behind these two tests is that
if rank(Π) = r0, then λr0+1, · · · , λn will be close to zero and λtrace(r0) and
λmax(r0) will therefore be small. Otherwise, if rank(Π) > r0, λtrace(r0) and
λmax(r0) will be large. Both LR statistic do not follow chi-square distribution
but are tabulated in Osterwald-Lenum (1992).

3.3.3 Threshold Cointegration

Traditionally, cointegration tests such as Engle and Granger (1987b) and
Johansen (1988) assume linear adjustment in the cointegration. In other
words, those literature on convergence to the long-run equilibrium does
not distinguish between adjustments from below the threshold, known as
spread widening, and adjustment from above the threshold, noted as spread
narrowing (Chang, Chen, Hammoudeh, and McAleer, 2012a). Threshold
autoregressive (TAR) models developed by Tong (1983) and Tong (1990)
break the autoregressive terms into different decaying speeds based on the
state variable or the regime. Similarly, momentum threshold autoregression
specification proposed in Enders and Granger (1998) modifies the standard
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Dickey-Fuller tests by incorporating asymmetric adjustment. It allows the
variable of interest to have different decaying amounts in the autoregressive
terms based on whether it is increasing or decreasing. It has the null hypoth-
esis of a unit root against the alternative of stationarity with asymmetric
adjustment. Enders and Siklos (2001) adopt the specification of Enders and
Granger (1998) to examine cointegration residuals dynamics from the first
step regression. The first step in Enders and Siklos (2001) is to run a regres-
sion in Eq.(9), same as the first step in Engle and Granger (1987b), followed
by an extension of the second step shown below:

∆ε̂t = ρ+Itε̂t−1 + ρ−(1− It)ε̂t−1 +

p∑
i=1

ϕi∆ε̂t−i + εt (16)

It =

1 if ε̂t−1 ≥ τ

0 if ε̂t−1 < τ
or (17)

It =

1 if ∆ε̂t−1 ≥ τ

0 if ∆ε̂t−1 < τ
(18)

where It is indicator function, ρ+, ρ−, ϕi, are coefficients, and τ is the
threshold value, εt ∼ IID(0, σ2) and p is the number of lags specified to
correct for the serial correlation in the residuals and it can be selected by in-
formation criteria such as Akaike Information Criterion (AIC) and Bayesian
Information Criterion (BIC), or diagnostic tests such as Ljung–Box Q test.
Due to the unknown nature of the nonlinearity, the adjustment can either
depend on the level of the lagged residuals or the changes in the residuals,
indicator function at time t concerning the threshold value could be speci-
fied on the residuals at the previous period or the changes in the residuals
at the previous period expressed in Eq.(17) and Eq.(18). They along with
Eq.(16) are referred to as threshold autoregression cointegration model and
the Momentum Threshold Autoregression cointegration model respectively.
M-TAR cointegration model becomes especially relevant specification when
the series exhibits more momentum in one direction than the other.

The threshold value τ could be either specified or estimated. However,
in practice, researchers do not have the luxury of knowing the true value
of τ even if he or she knows the true data generating process is TAR or

45



M-TAR. Tong (1983) and Tong (1990) suggest a non-parametric lag regres-
sion procedure to estimate the values of the thresholds. Ideally, one should
endogenously estimate τ along with other parameters in the model with
non-linear least squares (NLS) estimation procedure, but the discontinuity
in the thresholds of the underlying functional relationship between the vari-
ables renders it infeasible. Fortunately, Chan (1993) shows a procedure to
obtain a super-consistent estimate of the threshold value. First of all, if
a threshold value makes sense, it must cross the whole series of data, i.e.
τ ∈ ( min

0≤t≤T
{ε̂t}, max

0≤t≤T
{ε̂t}) for TAR and τ ∈ ( min

0≤t≤T
{∆ε̂t}, max

0≤t≤T
{∆ε̂t}) for M-

TAR, otherwise, It = 1 or It = 0 for all t. In empirical practice the highest
15% and lowest 15% observations of the series are excluded from the grid
search procedure for the adequacy of observations lying on both sides of the
threshold. Each data point of remaining middle 70% of the observation will
be chosen as the threshold value one by one and researcher should estimate
the model accordingly. Finally, the model with the smallest residual sum of
squares in Eq.(16) will contain the consistent estimate of the threshold i.e.,
τ̂ = arg min

∑
ε̂2
t . The threshold value in M-TAR could explain positive

transaction cost or adjustment cost. It is also shown in the literature M-
TAR model with consistently estimated threshold value fit the data better
than TAR, M-TAR with τ = 0 according to AIC (see Balke and Fomby,
1997; Chan, 1993; Enders and Siklos, 2001). Therefore, TAR and M-TAR
model are estimated with consistent threshold and threshold value τ = 0

and compare the interpretation.

In Eq.(10), the existence of cointegration is tested with null hypothesis
H0 : ρ = 0, and one should notice in Eq.(16), ρ+ = ρ− = 0 incorporates
Engle-Granger test as a special case. Tong (1983) and Tong (1990) showed
least square estimate of ρ+ and ρ− have bi-variate normal distribution. The
necessary and sufficient conditions for the stationarity of {ε̂t} is ρ+ < 0, ρ− <
0 and (ρ+ + 1)(ρ− + 1) < 1 (Petruccelli and Woolford, 1984). Cointegration
is established by rejecting joint hypothesis of no cointegration H0 : ρ+ =

ρ− = 0 against an nonlinear cointegration alternative hypothesis. However,
the classic F-statistic is not applicable to the F-test for this joint hypothesis
but one need to use critical values for Φ and Φ∗ in Enders and Siklos (2001)
for model with τ = 0 and consistently estimated τ . Enders and Siklos
(2001) conduct two Monte Carlo experiments that can be used to test the

46



null hypothesis of no cointegration against the alternative of either TAR
cointegration or MTAR cointegration with threshold adjustment. If the null
hypothesis of no cointegration is rejected, one can try to examine whether the
cointegration residuals dynamics exhibits nonlinearity. To test for symmetric
versus asymmetric adjustment requires performing F-test on null hypothesis
H0 : ρ+ = ρ− using a standard F-distribution.

3.3.4 Bivariate Error Correction Model with TAR or

MTAR Cointegration

When the threshold cointegration is found present, the error correction terms
could be modified to include asymmetry. Asymmetry is introduced into the
adjustment process by modifying the error correction terms as well as the
adjustment coefficients in the error-correcting model as developed in Sun
(2011)2 as follows:

∆gt = θg + δ+
g E

+
t−1 + δ−g E

−
t−1 +

J∑
i=1

α+
gi∆g

+
t−i +

J∑
i=1

α−gi∆g
−
t−i

+
J∑
i=1

β+
gi∆n

+
t−i +

J∑
i=1

β−gi∆n
−
t−i + ϑgt

∆nt = θn + δ+
nE

+
t−1 + δ−nE

−
t−1 +

J∑
i=1

α+
ni∆g

+
t−i +

J∑
i=1

α−ni∆g
−
t−i

+
J∑
i=1

β+
ni∆n

+
t−i +

J∑
i=1

β−ni∆n
−
t−i + ϑnt

where θ’s, δ’s, α’s, and β’s, are coefficients, ∆gt and ∆nt are log value of
grain and energy indices in first difference. E+

t−1 = Itε̂t−1, E−t−1 = (1−It)ε̂t−1,
where ε̂t−1 is the residual series from Eq.(16) and It is the indicator function
defined in Eq.(17) or Eq.(18) for specifications corresponding to TAR and
MTAR. With ∆g+

t−i, ∆g−t−i, ∆n+
t−i and ∆n−t−i, the superscripts “+” and “−”

split the changes of the variables into positive and negative change parts.

For instance, ∆g+
t−i =

∆gt−i = gt−i − gt−i−1 if gt−i − gt−i−1 ≥ 0

0 if gt−i − gt−i−1 < 0
. J lags

are added to the model to correct for the serial correlation of the error term
2Dr. Sun also develops a packages “apt’ (Sun, 2014) in R (R Core Team, 2015)
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ϑit for i = g, e. The validity of the error correction model can be examined
by preliminarily checking the significance and signs of the estimates for the
error correction terms given the long run equilibrium specified in Eq.(9).
As discussed in Frey and Manera (2007), several kinds of hypotheses could
be performed on the parameters such as Granger causality test, distributed
asymmetry test, cumulative asymmetry test and equilibrium adjustment
path asymmetry test.

3.4 Empirical results

3.4.1 Data Description and Unit Root Test

The World Bank monitors major global commodity markets, collects and
publishes monthly commodities for over 70 prices series and indices as pre-
sented in the World Bank Commodity Price Data, also known as Pink Sheet
from 1960 to present on a monthly basis3. This chapter chooses energy index
and grain index, denoted as {Et}Tt=1 and {Gt}Tt=1. The former is a Laspeyres
index with fixed weights based on 2002-2004 average developing countries
export values, for coal, crude oil and natural gas with value in 2010 equal
to 100. The latter includes barley, maize, rice and wheat also with value in
2010 normalized to 100. The data spans from January 2007 to June 2015

with observations T = 102. Natural logarithm of the grain index and energy
index are denoted as et = log(Et) and gt = log(Gt). The plots of monthly
values and log values for grain and energy indices are shown in Fig.3.1 The
summary statistics for the et and gt as well as their respective first differences
∆et and ∆gt are shown in Table.3.1. As expected for most of the commodity
price and return series, the indices series are volatile and the returns are not
significantly different from 0 and non-normal as indicated by Jarque-Bera
test.

In order to conduct cointegration analysis, one must examine the order
of integration of variables in hands. Only if the variables are integrated
of order one, will it be possible for the two variables to be cointegrated.
Examining the order of integration without the knowledge of the underlying
data generating process, three specifications of Augmented Dickey-Fuller

3See http://databank.worldbank.org/data/databases/commodity-price-data
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Figure 3.1: Monthly value and log value for Grain and Energy Index
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tests Dickey and Fuller (1979) and Dickey and Fuller (1981) are conducted,
namely one with trend and drift ∆yt = a0 + a1t+ γyt−1 + εt, one only with
drift ∆yt = a0 + γyt−1 + εt and one without drift o trend ∆yt = γyt−1 + εt.
Test statistics for null hypothesis H0 : γ = 0 (Unit Root) are shown in Table
3.1. Phillips and Perron (1988) propose a non-parametric unit root test
with null hypothesis of unit root by directly modifying the test statistics.
Two specifications of Phillips-Perron test Phillips and Perron (1988) are also
conducted, one with trend and drift yt = µ + β(t − 1

2
T ) + αyt−1 + εt and

one only with drift yt = µ + αyt−1 + εt. Test statistics for null hypothesis
H0 : α = 1 (Unit Root) are shown in Table 3.1. All of the tests fail to reject
the null hypothesis of unit root in both the log series at level 10% but reject
the null hypothesis of unit root in both of the first difference of both log
series at level 1%, which indicates both of the log series are integrated of
order one, i.e., I(1) process.

3.4.2 Engle-Granger two-stage approach

The linear two-step cointegration approach from Engle and Granger (1987a)
is linear in nature. First the long run equilibrium relationship between log
of energy index et and log of grain index gt is estimated with energy index
assumed to be driving force. The estimate for the cointegrating coefficient
β̂1 is 0.90700 with p value 0. The residuals is constructed and tested for
unit root. The result for the second step for EG cointegration test is shown
in Table 3.3 column 1. Both AIC and BIC choose the lag in ∆ε̂t−i, p = 1

to correct serial correlation. The residual from the second step ε̂t does not
show serial correlation as indicated by the p values of Ljung-Box tests at lag
4, 8, 12. Unit root estimate ρ̂ = −0.14 and it is significantly different from
0 at 1% level. Thus, cointegration of the log index of energy and grain is
found by EG cointegration test.

3.4.3 Johasen’s Method

After pretesting the variables for order of integration, the most common
procedure of Johasen’s method starts by estimating the so-called undiffer-
enced or level data in a VAR model. Since the result is very sensitive to the
lag in the VAR system, the maximum lag length is selected to be 12 in the
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Table 3.1: Summary Statistics and Unit Roots Test

log grain gt log energy et diff grain ∆gt diff energy ∆et

mean 4.7248 4.6782 0.0008 0.0004
stde 0.1969 0.2415 0.0534 0.0763
mini 4.3718 4.1051 -0.1962 -0.2715
maxi 5.0539 5.1558 0.1475 0.1484
N 102 102 101 101
skewness 0.055 -0.599 0.017 -1.299
kurtosis 1.681 2.533 4.204 5.277
Jarque-Bera __ __ 6.103 50.205
p value __ __ 0.041 0
ADF with trend -1.939 -2.415 −4.983∗∗∗ −4.21∗∗∗

ADF with drift -2.149 -2.556 −4.846∗∗∗ −4.18∗∗∗

ADF with none -0.07 -0.222 −4.871∗∗∗ −4.201∗∗∗

PP with trend -1.758 -1.982 −6.434∗∗∗ −5.736∗∗∗

PP with drift -2.16 -2.307 −6.461∗∗∗ −5.756∗∗∗

Note: (∗∗∗) denotes significance at 1% For ADF test with trend and
drift terms, critical values at 1%, 5% and 10% are −3.99 −3.43 and
−3.13. For ADF test with only drift term critical values at 1% , 5%

and 10% are −3.46, −2.88 and −2.57. For ADF test with only drift
term critical values at 1% , 5% and 10% are −2.58 −1.95 −1.62. For
PP test with trend and drift terms, critical values at 1%, 5% and 10%

are −4.05 −3.45 and −3.15. For PP test with only drift term critical
values at 1% , 5% and 10% are −3.49, −2.89 and −2.58.
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VAR system which is deemed as reasonable for monthly data. Information
criteria such as AIC and BIC suggest lag length is 3. I then turn to estimate
the model in Eq.(14)4.

In this study, there are two variables in the cointegration system, there-
fore there are only three possible cases for the number of rank. If the
Rank(Π) = 0, there will be no cointegration relationship. If the Rank(Π) =

2, which means Π is full rank and the system will be stationary and will be
no cointegration relationship. Therefore they are cointegrated if and only
if one cointegrating vector is found. Without the knowledge of the under-
lying data generating process, both maximal eigenvalue statistic and trace
statistic are utilized to test the rank under three specifications, namely trend
µ + ΦDt, constant µ, and none (see Eq.(14) & Eq.(15)). The result is in
Table 3.2. The maximal eigenvalue statistics reject the H0 : r = 0 against
Ha : r = 1 at 5% significance level for constant and none specifications and
at 10% significance level for trend model but fail to reject the H0 : r = 1

against Ha : r = 2 at any conventional significance level. According to
the sequential procedure, the null hypothesis H0 : r = 0 (no cointegration)
against Ha : r > 0 is rejected at 5% for models with constant and models
with neither constant nor trend and 10% for models with trend. However,
H0 : r ≤ 1 against H0 : r = 2 is rejected at 10%. This finding may be due
to the misspecification of the models with neither constant nor trend since
r = 2 indicates the system is stationary, which is excluded in the pretest. In
conclusion, both Johansen cointegration methods show strong evidence that
the log series of energy index and grain index are cointegrated.

3.4.4 Threshold Cointegration

For nonlinear cointegration methods, both threshold autoregressive and mo-
mentum threshold autoregressive specifications are estimated with threshold
values set to zero and consistently estimated with grid search method. The
threshold estimation is conducted with the method of Chan (1993): thresh-
old that minimizes the residual sum of squares in Eq.(16) is chosen i.e.,
τ̂ = arg min

∑
ε̂2
t . With maximum 12 lags, each lag specification is exam-

ined to find out the consistent estimate of the threshold.
4Estimating Eq.(14) or Eq.(15) in fact will return the same estimate of Π. The only

difference lies in the interpretation of the estimate
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Table 3.2: The λtrace and λmax Tests for the Rank(Π)

H0 Ha Specification Statistic Critical Value
10% 5% 1%

λtrace test
r ≤ 1 r = 2 Trend 7.036 10.49 12.25 16.26

r = 0 r > 0 24.218∗ 22.76 25.32 30.45

r ≤ 1 r = 2 Constant 6.674 7.52 9.24 12.97

r = 0 r > 0 23.343∗∗ 17.85 19.96 24.6

r ≤ 1 r = 2 None 6.673∗ 6.5 8.18 11.65

r = 0 r > 0 23.306∗∗ 15.66 17.95 23.52

λmax test
r = 1 r = 2 Trend 7.036 10.49 12.25 16.26

r = 0 r = 1 17.182∗ 16.85 18.96 23.65

r = 1 r = 2 Constant 6.674 7.52 9.24 12.97

r = 0 r = 1 16.669∗∗ 13.75 15.67 20.2

r = 1 r = 2 None 6.673 6.5 8.18 11.65

r = 0 r = 1 16.633∗∗ 12.91 14.9 19.19
Note: (∗), (∗∗) and (∗∗∗) denotes significance at10%, 5% and
1%. λmax refers to max.

In order to correct for serial correlation in the residuals in the nonlinear
adjustment path in Eq.(16), maximum of 12 lags in the first difference of
the first step residuals ∆ε̂t−i are added. Given the same sample available,
adding lags as additional explanatory variables into the model will reduce
the number of usable observations in the sample and model selection criteria
such as AIC and BIC5 tend to prefer the model with most lags. Therefore
during the model selection process, the first 12 observations were kept out of
the sample in order to apply the same number of usable observations when
estimating model with different numbers of lags. Otherwise, alternative
models with different lag specifications could not be adequately compared
since information criteria in essence trade off between goodness of fit and
flexibility holding the sample size fixed. It turns out AIC prefers model
with 2 lags in ∆ε̂t−i while BIC selects model with only 1 lag for all four
nonlinear specifications. Of the two criteria, the SBC has superior large

5AIC = T · ln(sum of squared residuals) + 2p,BIC = T · ln(sum of squared residuals) +
p · ln(T ), where T is the number of usable observations and p is number of parameters
estimated.
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sample properties. the BIC is asymptotically consistent while the AIC is
biased toward selecting an overparameterized model. However, in small
samples, the AIC can work better than the BIC (Enders, 2015). Without
further knowledge, 8 specifications with 1 or 2 lags are estimated with the
original sample size and the result is reported in Table 3.3. It should be noted
that 1 or 2 lag specifications choose the same consistent threshold 0.141 in
consistent TAR, so does consistent MTAR models with −0.051. Among all
models with lag 1 or 2, both AIC and BIC choose MTAR adjustment with
consistently estimated threshold with 1 lag to be the best model with lowest
values −313.804 and −303.383. Diagnostic checking does not find serial
correlation in ε̂t the as suggested by the high p values of Ljung-Box tests at
lag 4 , 8 , and 12.

The necessary and sufficient conditions for the stationarity of {ε̂t} that
ρ+ < 0, ρ− < 0 and (ρ+ + 1)(ρ− + 1) < 1 are satisfied by all the estimated
models. Most of the estimates are significantly different from 0 at conven-
tional level. The null hypothesis of no cointegration ρ+ = ρ− = 0 with p

value 0.0850 indicate log energy index and log grain index are cointegrated
non-linearly with momentum threshold adjustment. The hypothesis of sym-
metric price transmission is rejected at 5% level. Focusing on the point esti-
mates of the adjustment parameters of the best model selected, ρ̂+ = −0.084

suggests the positive deviations from long run equilibrium above the thresh-
old −0.051 due to either increase in grain index or decrease in energy index
or both are closed up only by 8.4% per month while the ρ̂− = −0.282 indi-
cates the negative deviations resulting from either increase in energy index
or decrease in grain index or both are eliminated by 28.25% per month. If
measured by time, it take less than 4 months to absorb the negative shock
while positive shock takes nearly 12 months to be fully digested. This result
suggests the input-output story of biofuel production where biofuel is the
substitute good for fossil fuel and once the price of input (biomass such as
grain) increases or the price of output (biofuel) decreases or both happens,
the widened markup is eliminated faster than squeezed markup is closed up
under the cases of either increases in the input price or the decreases in the
output price or both. Biofuel producers are more willing to increase the
output to meet the higher demand in case of increase in energy price but
find it difficult or are reluctant to reduce the quantity when the opposite
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happens.

3.4.5 Bi-variate Error Correction Model

As discussed in the result of threshold cointegration, the momentum thresh-
old autoregressive model with consistently estimated threshold and one lag
is selected to be the best model by the information criteria. Therefore the
short run dynamics is analyzed with bi-variate error correction model with
threshold incorporated. The estimation result is reported in Table 3.4. Di-
agnostic checking such as Ljung–Box Q test at lag 4, 8, and 12 rule out the
possibility of serial correlation in ϑ̂nt and ϑ̂gt at any conventional levels. R2

for the grain and energy models are 0.215 and 0.286 and F-stat for these
two equations are 4.249 and 6.203 with p values 0. AIC for energy equation
and grain equation are −249.57 and −311.035. BIC for energy equation and
grain equation are −228.729 and −290.194.

Both positive and negative adjustment parameters are not significant in
the error correction model for energy index. However, only the negative
but not the positive adjustment parameter in the error correction model for
grain index is significant with a negative sign. The signs of all four point
estimates are as expected. It has economics implication that energy price
index is not responding to the short run disequilibrium in a systematic way.
Moreover, once the system departs from equilibrium due to negative shock,
grain price will restore the system back to long run equilibrium while positive
deviation will not trigger such restoration in a statistical sense. Therefore
error correction model implies that in the short run widened markup only
triggers increase in grain price but not the decrease in the energy price. In
the grain equation, lags of both positive and negative changes in energy price
are significant but the lags in grain price changes are not while in the energy
equation, only negative change in grain price is significant. Having noted
that, it might be surprising that Granger causality test for both series rejects
self causality but fails to reject cross causality e.g., H0(α+

i = α−i = 0, ∀i)
in grain equation means null hypothesis that lagged change in grain price
does not Granger cause change in grain price. This may be due to the
difference between the joint test and multiple single restriction tests stacked
over. The most important test is the momentum equilibrium adjustment
path asymmetry test H0(δ+ = δ−). For grain equation, F-statistic is 2.766
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Table 3.4: Threshold Incorporated Bi-variate Error Correction Model Esti-
mation Result for Energy and Grain Indices

Grain ∆gt Energy ∆nt

Estimate
θ −0.002 [0.869] 0.014 [0.246]
δ+ −0.036 [0.391] 0.082 [0.156]
δ− −0.2∗∗ [0.028] 0.163 [0.183]
α+

1 −0.102 [0.519] 0.074 [0.729]
α−1 −0.056 [0.609] 0.582∗∗∗ [0]
β+

1 0.507∗∗∗ [0.002] 0.187 [0.399]
β−1 0.475∗∗ [0.021] 0.199 [0.47]
Diagnostics Test
R2 0.215 0.286
AIC −311.035 −249.57
BIC −290.194 −228.729
F-stat 4.249 [0.001] 6.203 [0]
QLB(4) 3.745 [0.442] 5.926 [0.205]
QLB(8) 11.059 [0.198] 7.900 [0.443]
QLB(12) 15.864 [0.198] 9.050 [0.699]
Hypothesis Testing
H0(δ+ = δ−) 2.766∗ [0.09] 0.371 [0.54]
H0(α+

i = α−i = 0, ∀i) 11.141∗∗∗ [0] 0.913 [0.4]
H0(β+

i = β−i = 0, ∀i) 0.521 [0.6] 9.547∗∗∗ [0]
H0(Σα+

i = Σα−i ) 0.012 [0.91] 0.001 [0.98]
H0(Σβ+

i = Σβ−i ) 0.045 [0.83] 2.893∗ [0.09]
Note: (∗), (∗∗) and (∗∗∗) denotes significance at 10%, 5% and 1%.
Numbers in square bracket in the third and fifth columns
are p values.

with p value 0.09, which rejected symmetric on grain equation. Although it
seems marginally significant, this together with the F-statistic 0.371 with p
value 0.54 for the same test in the energy equation may point out a striking
finding that grain price is responding to the disequilibrium systematically
with momentum equilibrium adjustment path asymmetry.

3.5 Conclusion

As of 11 Jan 2016, the Cushing, OK WTI Spot Price FOB has plunged
to USD $30.14 per barrel, back to the nominal level in 2003 after its peak
over $140 in 2008. This crash seems to discourage the development of biofuel
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industry. However, given the foreseeable depletion of the fossil fuel, this tem-
poral disincentive may only weaken the link between grain and energy but
will not terminate the searching for alternatives such as solar, nuclear power.
This chapter investigates long run price dynamics between global grain and
energy indices with the linear co-integration and threshold co-integration.
Short run price adjustment is also addressed with error correction model
with threshold and momentum. Compared with the existing literature, this
chapter utilizes global grain and energy price indices series instead of partic-
ular commodity products or instrument due to the following reasons: first
particular commodity products or instruments such as commodity future
could be noisy due to other factors such as market microstructure, specula-
tion; second, the indices selected represent general global price levels without
suffering from any geographical bias or unnecessary complication stemming
from price dynamics interaction of various commodity products.

There are several worth noting conclusions. First, global energy price
index and global grain index are cointegrated. This result is first shown by
the traditional linear cointegration methods and later by non-linear cointe-
gration methods. This is in line with the findings in most of the existing
empirical literature and the implication of the theoretical model. Second,
the energy price seems to evolve more independently than grain price does.
This finding is not only supported by the insignificant estimates of adjust-
ment parameter in the error correction model in energy equation but also
suggested by the Granger Causality test. This is consistent with the no-
tion that energy price is mainly driven by its fundamentals such as supply
and demand while food agricultural commodity could also be affected by
derived demand such as production of biofuel. Third, asymmetry exists in
the cointegration in many ways. In the long run, disequilibrium adjustment
responds asymmetrically to previous positive or negative deviation in the
MTAR cointegration. In the short run examined with the error correction
model with MTAR cointegration, the asymmetry exists in the short run
adjustment only shows in the grain series. This chapter also points out
the gap in the existing literature regarding the lack of sufficient theoretical
explanation for the asymmetry.

Besides the findings discussed above, this chapter uniquely contributes to
the literature mostly by casting light into the debate of long run equilibrium
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of energy market and agricultural market. It suggests the disagreement of
the literature may result from the ignorance of asymmetry of the adjustment
process as pointed out in the econometrics literature. On top of that, the
findings in this chapter are also in line with the story of agricultural pro-
duction cost, theory of market power, adjustment and menu cost of biofuel
production as discussed in the introduction and literature review sections.
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Chapter 4

Essay Three: Extreme Event
Studies in Commodities Markets

4.1 Introduction

Commodity is one of the most important asset class and investment class in
the modern global economy and financial market. While it is fundamental to
well-being and growth of the economy as input for production and essential
to the welfare of people as a consumption good, it is also the indicator of
the health of the global economy as commodity prices reflect the changes
in the demand while the supply tends to be stable. The global oil price
has never reached $40 per barrel before 2004, and it peaked at $145 in
July 2008 before returning to a low level at around $30 in 2015. Similarly,
corn price has also witnessed its several historical peaks in around 2007
and 2011 during food crisis. High energy price has been blamed for driving
up the agricultural commodity price. The dynamics between commodity
prices are worth studying, and the literature on the relationship between
these commodities is rich. However, most of these existing literature fails to
capture the dynamics in the tails or the extreme values, and thus we utilize
modified event study methodology to ask a question how different is the
dynamics in the extreme from that in the normal levels.

Economists are often asked to measure the impact of one variable have
on other variables. Most of the tools should be taken care of to address
the difference between causality and association when the variable assumed
to exogenous turns out to be endogenous. The variable of interest here
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is usually measurable and observed together with other variables at the
same frequency in time series setting. When it comes to the impact of
an event, if the event of interest is a once-in-a-life-time event, it is often
difficult, if not purely impossible, to isolate the effect of other concurrent
events or variables. However, if the event occurs at a regular basis, event
study methodology could be of help as gathering the similar events can
average out the effect of other events or variables. If the occurrence of
an event is further assumed or suggested by theory to be exogenous, the
causal interpretation could be established. In this chapter, a modified event
study methodology is conducted with bootstrap inference. It examines how
the price of one commodity respond to the extreme price changes in other
commodities, how these impacts from the extreme returns accumulate along
time, whether particular pattern or signal arise before these extreme returns
and whether asymmetry exists in the response patterns.

The next section is on literature review. In section 4.3, methodology
and models applied in this chapter are discussed. This is followed by the
estimation result suggesting different interactions of commodities between
extreme days and normal days and heterogeneity in the responses to extreme
events. The chapter ends with the conclusion and the potential contribution.

4.2 Literature Review

Event study methodology originates from corporate finance literature to ad-
dress the impact of a corporate event or financial related episode on the
security prices, returns and other trading activities. The earliest work dates
back to Dolley (1933), which studies the impact of stock split on stock prices
and event study later became a popular workhorse in late 1960’s with the
development of capital asset pricing model and risk factor modeling to iso-
late the effect that is not coming from the event under study. The corporate
event includes the usually studied earning announcement, mergers and ac-
quisitions announcement, and change top management and even the less
frequent events such as product recall announcement and the death in top
management. Also it cast light on the efficient market hypothesis (EMH) in
its semi-strong form by capturing how the information flows into stock price.
The semi-strong EMH asserts market participants will take advantage of all
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publicly available information and the price of the security incorporates all
publicly available information, and thus is not predictable consistently based
on public information available at this moment. Consequently, new coming
information will have an immediate impact on the market. Thus testing
the EMH can rely on examining either the reaction of security to arriving
news or the predictability and profitability over normal return with publicly
available information. Event study lies in the former in that returns around
the event are examined to cast light on the properties of security reaction
to the news by showing the speed of adjustment of prices to information.

However, the event here could be an economics event or non-economics
event ranging from wars to natural disasters, aircraft crash or even terrorist
attacks. Chen and Nguyen (2013) study the impact of terrorist and military
attacks on global capital markets. Maloney and Mulherin (2003) investi-
gate the impacts of the crash of Challenger on the four NASA contractors
and stock markets in the period immediately following the crash seemingly
singled out the firm that manufactured the faulty component while it took
an esteemed panel several months. As discussed in MacKinlay (1997) event
studies methodology has been applied beyond the topic of market efficiency
to a broader spectrum of areas:

“In accounting and finance research, event studies have been
applied to a variety of firm specific and economy wide events.
Some examples include mergers and acquisitions, earnings an-
nouncements, issues of new debt or equity, and announcements
of macroeconomic variables such as the trade deficit. However,
applications in other fields are also abundant. For example, event
studies are used in the field of law and economics to measure the
impact on the value of a firm of a change in the regulatory en-
vironment and in legal liability cases event studies are used to
assess damages.”

Creatively, Fisman (2001) uses several adverse rumors about the state of
Suharto’s health and compare the returns of firms with differing degrees of
political exposure to estimate the value of political connections.

To address the impact of corporate events on stock prices, the abnormal
return has to be estimated first by removing normal (expected/predicted)
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Figure 4.1: Time line for event study

return. Denote the return of firm as Rit, and the return of broad stock
market index as RMt, where returns are defined as logarithmic returns, the
natural logarithm of the current to previous price ratio. Most frequently used
market index model runs simple linear regression Rit = α + βRMt + et, t =

−n − 5,−n − 4...,−6 chosen as estimation window before the event day
t = 0. Several trading days right before the event day are usually kept out
of the estimation window to avoid contamination due to information leakage
prior to the official announcement. Abnormal returns series is defined as the
difference between actual returns and conditional expected returns given
the market return, i.e. the residuals from the regression ARit = Rit −
E(Rit|RMt) = Rit− α̂− β̂RMt, where α̂ and β̂ are the OLS estimates. Later,
the abnormal return on the event day ARi0 and returns in the event window
are assessed for statistical significance1 with the distribution of the abnormal
return in the control period.

In fact, normal returns can be detected in various ways with each relying
on a specific model to determine the conditional expected return given the
market conditions or characteristics of individual firms. Extending the single
factor model such as the market index model to multi-factor can reduce the
standard error of the regression σ̂2

e and hence the variance of the distribution
of the abnormal return.

Unlike the application in corporate finance, event related research does
not have a huge literature in the commodity market with few exceptions. In
the global energy market, the price of crude oil is mainly driven by supply
and demand. Two of the notable events related to crude oil fundamentals
are Organization of the Petroleum Exporting Countries (OPEC) conference
announcements and U.S. Strategic Petroleum Reserve (SPR). Demirer and

1Var(ARi0) = σ̂2
e(1 + 1

n + (RM0−R̄M )2∑−6
h=−(n+5)

(RMh−R̄M )2
).
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Kutan (2010) study the information content of OPEC conference announce-
ments and SPR announcements in crude oil spot and future price with three
normal return models and found asymmetry in that only OPEC production
reduction announcements generates statistically significant impact. Persis-
tence of returns are also found after OPEC production cut announcements.
It explains that in good time with high oil price level, OPEC is more likely to
agree on production increase and thus can be well anticipated by the market
while in bad time, no change or production cut could be surprising. As for
SPR, short run impact is found immediately following announcement date
and its impact lasts for around a week. Lin and Tamvakis (2010) extend the
investigation to both official conferences and ministerial meetings of OPEC
and studied the effect under different price bands and found evidence of
differentiation between light and heavy crude grades. Without conventional
event study methodology, Schmidbauer and Rösch (2012) apply combination
of regression and GARCH model with dummy variables indicating OPEC
announcement. They find post-announcement effect on expectation, which
is positive for cut decision and negative for increase or maintain decision.
However, positive pre-announcement effect on volatility is strongest in the
case of cut decision. It still fits into the story of most difficult agreement on
production cut announcements in the bad days.

In the traditional event studies, the event of interest is an identifiable
event at a given time by nature. However, this convention limits the scope
of questions as some event is not observable but may share common char-
acteristics. Besides, a traditional event study is model dependent in that
it requires a pricing model as a benchmark for assessing normal returns,
which makes a joint hypothesis problem even though multiple models can
be employed for robustness check. Patnaik, Shah, and Singh (2013) pro-
pose a modified event study methodology focused on tail events to study
the stability of financial globalization. With domestic and foreign equity
market returns, capital flow and foreign exchange rate return series, the
impact of extreme values or tail events in one series on others are exam-
ined with bootstrapping inference to suggest that financial globalization has
not induced instability on the domestic equity market. This modified event
study methodology is utilized in this chapter to examine the dynamics of
the commodity market.
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Most of the empirical papers concerning the dynamics of fuel and agri-
cultural commodity mainly utilize two kinds of models, VAR/VECM and
Computable general equilibrium (CGE) models (Qiu, Colson, and Wetzstei,
2011). The former types of models enjoy popularity due to its convenience in
illustrating the dynamics and interaction of the system and the flexibility in
measuring short term or long term impacts. The latter methodology gains
an edge when there is only limited data points. However, it suffers more
from assumption of model parameters and difficulty in distinguishing short-
run and long-run impacts. For studies with time series models, the finding
on fuel and agricultural commodity dynamics is mixed. Cointegration be-
tween crude oil and corn, soybean, and wheat as well as causality stemming
from energy to agricultural commodity is found in Saghaian (2010). How-
ever, Nazlioglu and Soytas (2011) focus on global oil prices and domestic
agricultural commodity price in Turkey and the result suggests neutrality of
agricultural commodity markets both in the short-term and in the long-term.
Zhang, Lohr, Escalante, and Wetzstein (2010) also find no direct long-run
and limited short-run impact of fuel on agricultural commodity with cointe-
gration technique. With a structural VAR model, Qiu et al. (2011) conclude
the main driving forces of food price in the long run are fundamental fac-
tor such as demand and supply while biofuel production only has short run
but not long-run price shift of food related commodity. Unlike the research
mentioned above with conclusive positive or negative findings, some studies
point out inter-relationship between fuel and agricultural commodity dy-
namics could be dependent on time period, region or type of commodity
(Campiche et al., 2007; Ciaian and Kancs, 2011a; Natanelov, Alam, McKen-
zie, and Van Huylenbroeck, 2011; Rosa and Vasciaveo, 2012). Similar to
one of the findings in this chapter, different magnitudes of the responses of
commodity prices to positive or negative price oil price changes are found in
Wixson, Katchova, Wixson, and Katchova (2012).

Although dynamics and interaction among commodity have been stud-
ied extensively with VAR type of model, those studies employ data with the
full spectrum of return space without distinguishing normal days and ex-
treme days. Also, monthly or weekly spot price are the main data for these
studies partly because non-price series such as inventory, production, and
price deflator are not available in higher frequency. However, it is possible
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that the shocks of different magnitudes have different impact per unit on
other series. This chapter thus carries out modified extreme event study of
Patnaik et al. (2013) to examine the response of commodities to extreme
shocks in comparison of traditional impulse response.

4.3 Methodology

The method employed in this chapter can be interpreted as cumulative re-
turns along the event window conditional on the tail events of other series.
It keeps tracks of the behavior of the return when the other market is ex-
tremely unusual in term of return. If instead of focusing on the tail events,
it expands the events of interest to the whole distribution of return, one
can easily imagine the analysis degenerates to the unconditional cumulative
returns with overlapping windows, which is just representing the general
trend of series over the sample period. Thus unusual pattern around the
event must carry some information about the dynamics of the tail events
between the series under study.

4.3.1 Uncontaminated Event

Consider return series {rjt}Tt=1, the upper quantile is calculated as Q(rj, q)

s.t. Pr(rj > Q(rj, q)) = q, and denote the upper tail events as E+
j = {i}

s.t. rji > Q(rj, q). Same procedure for lower quantile yields E−j . Together,
the extreme event days for return series rj is Ej = E+

j ∪E−j , which contains
all the date with extreme positive and negative returns and are identified as
events of interest. The dates w trading days before or after any particular
event m are defined as event windows associated with event m. It defines
uncontaminated extreme event in the upper tail E+

uj s.t. m ∈ E+
uj where m+

k /∈ Ej ∀k ∈ {−w,−w+ 1, · · · ,−1, 1, · · ·w}. In other words, if all the dates
in the event window associated with extreme event date m are not extreme
event in tails of either side, then event date m is uncontaminated. Explained
intuitively, when perception or expectation of market participants change
rapidly due to new information flow, extreme events from both sides could
cluster and the uncontaminated event set allows for isolation of impact from
other positive or negative events. Event set Ej is potentially contaminated,
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and it includes uncontaminated event set as a subset, Euj ⊆ Ej.

4.3.2 Runs of Extreme Event

If R consecutive returns {rjt}n+R
t=n+1 happen to lie in the same tail, returns in

these days are then fused into a single return
∑n+R

t=n+1 rjt.
2The logic here is

that the run of extreme returns assumed to be affected by the same source
of force. Without this specification, there will be R overlapping moving
windows and potentially multiple capturing impacts if they are studied as
separate events individually. Similar to the definition in uncontaminated
event, uncontaminated run of event of length R in upper tail is those con-
secutive dates {n+1, · · ·n+R} ∈ E+, where n+R+k /∈ E, ∀k{1, · · ·w} and
n − l /∈ E, ∀l{1, · · ·w}. The similar definition applies to uncontaminated
runs of events in the lower tail. The uncontaminated runs of events are then
studied along with the uncontaminated event.

4.3.3 Bootstrap Inference

Traditional event studies as discussed in session 4.2 relies on specific model
to compute abnormal returns. As illustrated in Figure 4.1, the days several
days away from the identified event are used as estimation window, and the
normal return is estimated with a model. Abnormal return during the event
window is calculated as the difference between the actual return and normal
return. The abnormal return series in the event window are lined up with
the event time and tested for statistical significance under a certain distri-
butional assumption. Such distributional assumption may undermine the
validity of event study besides the possibility of serial correlation since error
will occur in the statistical inference once the assumption is violated.The
bootstrap method I employed in this chapter is as follows:

1. For event set Ej with size |Ej| = Nj associated with return series
{rjt}Tt=1, and each event with window of length 2w + 1. To study the
behavior of returns series in event day or the impact of cross series
extreme event, the cumulative return series for return series {rkt}Tt=1

is denoted as {CRi,kt}i+wt=i−w ∀i ∈ Ej, where CRi,kt =
∑t

t=i−w rkt. The

2All the returns are continuously compounded returns.
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cumulative return series is then averaged across all Nj event dates to
yield an average cumulative return series { ¯CRkt}wt=−w

2. Sampling from cumulative return series {CRi,kt}i+wt=i−w ∀i ∈ Ej with
replacementNj times gives bootstrap return series and is then averaged
to yield { ¯CRb

kt}wt=−w which is considered a draw from the distribution
of average cumulative return.

3. The procedure in step 2 is repeated for 1000 times and the correspond-
ing 1000 bootstrap average cumulative return is used to compute the
percentile of the distribution for the average cumulative return in each
day in the event window. The percentile is later used as confidence
intervals for inference.

Bootstrap applied in this chapter avoids making specific assumption on dis-
tributions but it instead resamples the empirical price paths. After iden-
tifying extreme events in one series, it collects the return series of another
returns around these event dates. Then it re-samples from the collection
for a specified times. This bootstrap inference can thus help to increase
statistical efficiency without assumptions in classic inference procedure.

4.3.4 Generalized Impulse Response

Impulse response function is usually tracking the impact of any variable on
others in the system across time derived from a vector autoregressive model
or vector error correction model. It is essential tools in causal analysis and
policy effectiveness. Impulse response examines the dynamics by converting
the VAR into a vector moving average and identify the dynamic properties
of the VAR from the parameters of the VMA. Assume Yt is a k dimensional
demeaned vector series with VAR specification Yt = A1Yt−1 + · · ·ApYt−p+Ut

and equivalent VMA representation Yt = Φ(B)Ut =
∑∞

i=0 ΦiUt−i where Φjk,i

represents the response of variable j to uk,t−i, a unit impulse in variable k
from ith period ago. Ceteris paribus argument fails here since Σ = E[UtU

T
t ]

is usually non-diagonal and thus it is hardly likely to generate a unit shock
in any particular variable without transformation. Cholesky decomposition
applied to covariance matrix yields Σ = PP T , where P is a lower triangular
matrix. Then VMA representation is transformed into Yt =

∑∞
i=0 Θiwt−i
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where Θi = ΦiP , wt = P−1Ut, and E[wtw
T
t ] = I. Impulse response function

is thus defined as
Ψ oj (n) = ΦiPej, n = 0, 1, 2, . . .

where ej is a vector with 1 in its jth entry and 0 in others. Although this
facilitates ceteris paribus argument, it suffers from variables ordering as it
implies recursive contemporaneous relationships among the variables in Yt.

The modified extreme event study (EES) methodology applied in this
chapter has analogies with impulse response function as pointed out by Pat-
naik et al. (2013). They consider the extreme event studied as IRF of a VAR
at the tail. They conduct Monte Carlo simulation with two cases, one case
with two white noise series and the other case with a relationship in the tail
only. Both IRF and extreme event methodology are applied in both cases.
The graph in page 231 of Patnaik et al. (2013) shows similar result for IRF
and extreme event methodology in the case of white noise but a striking
difference in the case with the relationship in the tail. The latter case, IRF
shows no response, while extreme event methodology picks up the shock to
tail event.

As a comparison with the result in the EES, generalized impulse response
function (GIRF) proposed by Pesaran and Shin (1998) is applied, which is
immune from the variables ordering issue as traditional IRF. For system
Xt =

∑p
i=1AiXt−i + Ut =

∑∞
i=0 ΦiUt−i, where Φi =

∑p
j=1AjΦi−j and Σ =

E[UtU
T
t ]. It is defined as GIRF (n, δj,Ωt−1) = E(Xt+n|ujt = δj,Ωt−1) −

E(Xt+n|Ωt−1). Assuming multivariate normality for Ut yields E(Ut|Ujt =

δj) = (σ1j, σ2j, ···, σmj)′σ′jjδj = ΣUjejσ
−1
jj δj and scaled GIRF as Ψ gj (n) =

σ
−1/2
jj ΦnΣUj, n = 0, 1, 2, ···.

4.4 Results

4.4.1 Data

Most of the existing literature utilize monthly data or weekly data on com-
modity wholesale price or aggregated prices to capture the dynamics with
VAR/VECM type of model. However, in this chapter, prices of future con-
tract with non-adjusted price based on spot-month continuous contract cal-
culations is used. The use of future contract has both advantage and disad-
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vantage. On one hand, future market serves a function for price discovery,
and it is argued that if there exist a dynamics interaction or equilibrium be-
tween the prices of the commodity, arbitrage opportunity could be seized in
a more efficient way with future market due to its liquidity and volume. Be-
sides, cash prices of commodity tend to be more volatile and noisier because
spot price reflects current supply and demand for delivery pressure. On the
other hand, use of future contract suffers from data non-synchronization is-
sue. Future contracts are traded in the exchange and even within the same
exchange, not all the futures are traded in any given day. In this chap-
ter, future contracts on agricultural and energy commodities include CBOT
Corn Futures #1 (C1), ICE Sugar No. 11 Futures #1 (SB1), NYMEX
WTI Crude Oil Futures #1 (CL1), ICE Brent Crude Oil Futures #1 (B1),
NYMEX Natural Gas Futures #1 (RB1) and Ethanol Futures, Continuous
#1 (EH1). Sample period for all data except ethanol spans from Jan 1st,
1994 to Dec 31st, 2015. Due to data unavailability, price on ethanol only
dates back to Oct 4th, 2011.

As shown in Table 4.1, the numbers of observations for all contracts are
not the same. To facilitate the analysis, a reasonable procedure for synchro-
nization is necessary. The raw price data is the daily settlement price for
future contract. Instead of first taking the daily continuously compounded
returns and subset the returns with the common dates, the raw prices with
common dates are merged before the continuously compounded returns are
calculated. For example, during period {t}s+4

t=s , with 2 contract settlement
price series {pat }s+4

t=s and {pbt}t=s,s+1,s+3,s+4, pas+2 is deleted, the price of con-
tact a when there is no corresponding price on contact b and the new price
series is converted into return series. The rationale behind this choice is the
assumption that the impact of new or shock on non-trading day accumulates.

In the table of summary statistics shown in Table 4.1, the signs of mean
simply represent whether the price has gone up or down during the sample
period, and the standard deviation is way larger than the magnitude of the
mean, suggesting the mean is not significantly different from 0. The natural
gas turns out to be the most volatile among all the series under study, which
is often observed in market. Theoretically, commodity that cannot be stored
or easily perishable such as electricity is more volatile since inventory can
serve as a buffer to any surplus or deficit in the fundamentals. Among the
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Table 4.1: Summary Statistics for Daily Continuously Compounded Returns
(%)

N Max Q25 Mean Q75 Median Min St.Dev.
Corn 5536 9.801 -0.932 0.003 0.913 0.000 -24.53 1.783

Ethanol 1061 7.501 -0.947 -0.055 1.050 0.072 -32.85 2.611
Gas 5511 45.76 -1.955 0.003 1.188 -0.038 -39.75 3.682
WTI 5519 16.41 -1.214 0.017 1.296 0.055 -16.55 2.341
Brent 5609 12.90 -1.098 0.018 1.144 0.074 -14.44 2.144
Sugar 5506 23.55 -1.079 0.006 1.135 0.000 -18.04 2.173

selected commodities, natural and crude oil require special and professional
storage facility and thus the supply and demand for storage are also sources
for the fluctuation of commodity prices.

4.4.2 Generalized Impulse Response

Generalized impulse response applied to these series with the sample period
after Oct 4th, 2011 and the raw price data is again adjusted for synchro-
nization. Akaike information criteria (AIC), Hannan-Quinn (HQ), Schwarz
(SC) and forecast prediction error (FPE) chose the VAR model with lag of
1. The general impression of the generalized impulse response is that all the
individual orthogonal shocks are visible at t = 0 and drop significantly at
t = 1 before disappearing at t = 2. At first glance, this may surprisingly
contradict to the findings of most of the existing literature with data with
lower frequency. Most of the literature with lower frequency data find the
impacts can last for months. It may be due to the efficiency of the future
market in absorbing new information and thus eliminating the impact of the
shock. The most distinct cross series responses are the ones between WTI
crude oil and Brent crude oil in that both return series have similar response
pattern to shocks from both return series. In fact, this finding is not surpris-
ing because no arbitrage argument could establish in theory cointegration
between this two price series or the spread between this two prices should
be stationary as these two prices a mainly driven by the same stochastic
components and tend to move closely. Besides, corn and ethanol also have
notable responses at t = 0 to the shocks from each other which could be ex-
plained by the fact that corn is the main input for a large portion of ethanol
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production globally. The most frequent critique of the impulse response is
the incompleteness of the low dimension VAR system with omitted variables
that are assumed to be in the shocks, but it serves here as a comparison with
our extreme event study analysis.

4.4.3 Extreme Event Study

4.4.3.1 Event Characteristics

As discussed in the methodology section, unlike traditional event study, the
event of interest here is the extreme returns in two tails given a probability
chosen. The probability examined here is 5% in each tail. The probability
may seem arbitrary at first glance but in fact, it is about the trade-off
between identification of truly extreme returns and the adequacy of the
sample size of extreme event. As a robust test, the same analysis with
tail probability 2.5% are also conducted in each tail, and it yields similar
pattern to those with 5% and the only difference is the larger magnitude with
accumulative return on and after the event day with tail probability 2.5%.
Table 4.2 shows the quantile in the both extreme events chosen for study.
One should understand the extremum in the tail events might be different
from the extremum in the whole return series because of certain criterion
required for tail events as discussed in methodology session. With the chosen
probability at 5%, Table 4.3 shows the number of events under examination
for each of the series in both tails. Similar to conditional heteroskedasticity
in the volatility or volatility clustering, the distribution of extreme returns
are not evenly distributed over years as illustrated in Table 4.5 and 4.6.

The extreme returns in consecutive days are fused into runs of events
as shown in Table 4.4. These four tables are related to each other in a
particular way. Take corn return in bad days (lower tail) for example. 5% of
the return sample yields 277 extreme returns in the total (see Table 4.3), 153

of which are un-clustered without any other extreme event within the event
window. Among the 124 clustered events, 66 were used since they form runs
of event (see Table 4.4 23 ∗ 2 + 4 ∗ 3 + 2 ∗ 4 = 66). Therefore, the total
events used in the analysis is 153 + 66 = 219 with distribution over years of
sampling period shown in Table 4.5. All the series share similar efficiency in
utilizing the extreme returns for analysis as measured by the ratio of total
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Table 4.2: Quantile Values of Extreme Event

Daily Return (%) Min 25% Mean Median 75% Max
Lower Tail
Corn -25 -4 -4 -3 -3 -3
Ethanol -14 -6 -5 -4 -4 -3
Gas -20 -8 -7 -7 -6 -5
WTI -17 -5 -5 -5 -4 -4
Brent -14 -5 -5 -4 -4 -3
Sugar -13 -5 -5 -4 -4 -3
Upper Tail
Corn 3 3 4 4 5 10
Ethanol 3 3 4 4 5 6
Gas 6 6 8 7 9 32
WTI 4 4 5 4 5 14
Brent 3 4 5 4 5 13
Sugar 3 4 5 4 5 13

Table 4.3: Distribution of Event at 5%

Un-clustered Clustered Total-used TotalUsed Removed Total
Lower Tail

Corn 153 66 58 124 219 277
Ethanol 30 13 10 23 43 53
Gas 188 22 66 88 210 276
WTI 185 28 63 91 213 276
Brent 183 34 64 98 217 281
Sugar 180 32 64 96 212 276

Upper Tail
Corn 184 32 60 92 216 276

Ethanol 28 13 12 25 41 53
Gas 194 10 72 82 204 276
WTI 188 28 60 88 216 276
Brent 205 17 59 76 222 281
Sugar 185 31 60 91 216 276
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Table 4.4: Runs Distribution

Run Length Two Three Four
Lower Tail

Corn 23 4 2
Ethanol 5 1 0
Gas 8 2 0
WTI 14 0 0
Brent 17 0 0
Sugar 16 0 0

Upper Tail
Corn 13 2 0

Ethanol 5 1 0
Gas 5 0 0
WTI 11 2 0
Brent 7 1 0
Sugar 14 1 0

used events to total events.

4.4.3.2 Response to Extreme Event

When interpreting the extreme event and response plot, one should accom-
pany the analysis with the statistics of the tail returns as shown in Table.
4.2 as this enables one to gauge how extreme the events are and interpret
cumulative returns of response series. The solid line in the plot represents
the average over all the event cumulative returns across the event window,
and the dashed line shows the bootstrapping 95% confidence interval. There
are several points worth attention.

1. The estimate of the response in the event day represents the market
reaction to the cross market extreme event or contemporaneous impact
of the cross market shock in the tails. This interpretation may not be
causal since the impact in the event day could be due to the same shock
affecting the commodity market as a whole such as macroeconomic
condition, but any visible impact can still demonstrate the link in the
tail of the two returns series under study.

2. In the corporate event study setting, the irregular behavior such as
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substantial non-zero cumulative returns before the event day may sug-
gest information leakage before the official announcement of the event.
However, in this study, the event is not an identifiable action but rather
chosen event according to some particular criteria. Any irregular pat-
tern can suggest the pre-event cross market condition or environment
that precede the extreme return or the lead-lag relationship in the
tails.

3. Behavior in post-event cumulative return can mainly be categorized
into three patterns: reverse, continuation or discontinuation. Reverse
is a sign of overreaction with correction. Continuation may reflect
underreaction or positive feedback trading, while discontinuation sug-
gests the market is efficient in absorbing the shock with a full and
timely reaction and no profitable prediction could be made.

4. The three points mentioned above focusing on the interpretation of
one particular average cumulative return series. However, one can
also look for asymmetry in these series. For example, good day verse
bad day asymmetry can suggest the non-unique explanation for infor-
mation transmission or price pressure. The same return series could
behave systematically differently to positive and negative extreme re-
turns in another series, while the traditional time series methods treat
the signs of the movement symmetric. Besides, with the same two
series under study, systematic responses can be either unidirectional
or bidirectional.

There are six series under study and thus 30 pairs with 120 average cumu-
lative return series for good days and bad days. Four plots are arranged
together from any pair for better comparison. A general result is that any
two series are positively linked, which means positive (negative) cumulative
returns are more likely to occur in the good (bad) days of the other if there
exists a visible pattern. Additionally, the cumulative returns clustered and
unclustered events do not deviate from each other to a large extent in most
of the cases.

Brent and Corn Mean returns for Brent are 5% and −5% on good and
bad days and 4% and −4% for corn. For pre-event returns, only corn price
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Figure 4.5: Extreme Event and Response between Brent and Corn

has notable decrease leading up to a significant cumulative negative change
of corn on the bad day of Brent oil as shown in the fourth plot in Figure 4.5.
In other three cases, there seems to be no unusual patterns leading up to the
event day. Corn in good and bad days on Brent oil experiences a reverse right
after the event with mean estimate from −1% to −0.5% in 5 trading days
for bad days. The returns of Brent oil after extreme positive and negative
returns on corn continue with the trends in general. Post-event positive and
negative feedback trading exists in Brent oil and corn respectively.

Brent and Ethanol Ethanol has mean returns 4% and −5% in the extreme
good and bad days. Except in good days defined by ethanol, all the extreme
returns are preceded by increasing or decreasing prices of the other series in
the pair and are continuing with the trend in the following days. This pattern
suggests the extreme negative returns in ethanol are usually accompanied
by the bear market in Brent oil while extreme good (bad) days in Brent oil
are associated with the bull (bear) market in ethanol. However, Brent oil
seems only react to extreme positive return on the event day but no visible
pre-event or post-event reaction in ethanol.

Brent and Gas Natural gas, as the most volatile commodity in this study,
has 8% and −7% mean return for the extreme event days. Unlike ethanol
which is one type of biofuel derived from sugarcane or corn, natural gas is
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Figure 4.6: Extreme Event and Response between Brent and Ethanol
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Figure 4.7: Extreme Event and Response between Brent and Gas

more akin to crude oil as fossil fuel. There are visible impacts or changes in
Brent oil and natural gas returns on the event days for both series. While
the post-event cumulative return of gas simply levels off after extreme days
by Brent oil, the Brent oil seems to follow the trend to some extent.

Brent and Sugar The most distinct pattern between Brent oil and sugar
is the over-reaction with correction of Brent oil to the good days by sugar.
The good days in sugar have mean return 5%. Without any unusual price
movement prior to the event, Brent oil on average increase by 1% in those
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Figure 4.8: Extreme Event and Response between Brent and Sugar

good days and the increase is reversed and disappear in 5 trading days.
Sugar tends to have an efficient response to the bad days by Brent oil,
which is evidenced by the flat profile after the bad days in Brent oil market.
The others two plots in Figure 4.8 do not yield strong evidence on the link
between the tail events of Brent oil and sugar.

Brent and WTI Given the cointegration relationship between Brent oil
and WTI oil or the stationarity of their spread, the pattern shown in Figure
4.9 is well expected. Before any extreme returns, both markets display
tranquility on average as indicated by the flat cumulative return series prior
to time 0. On the event days, both series respond with a sharp change
cumulative return. After the event days, the return neither continues with
the trend nor reverses. This suggests the market within crude oil market is
connected in an efficient way in the tail, and no arbitrage argument makes
any shocks disappear immediately.

This study also pairs up WTI crude oil with corn, ethanol, and natural
gas as a robust check. Figure 4.10, Figure 4.11, Figure 4.12 and Figure 4.13
for WTI oil share the similar patterns to their counterparts with Brent oil.

Corn and Ethanol Corn is an input of ethanol production, and thus
theoretically any extreme shocks should have cross-series impact. Prior to
any good or bad event days in both series, the market do not show any
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Figure 4.9: Extreme Event and Response between Brent and WTI
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Figure 4.10: Extreme Event and Response between Corn and WTI
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Figure 4.11: Extreme Event and Response between Ethanol and WTI
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Figure 4.12: Extreme Event and Response between Gas and WTI
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Figure 4.13: Extreme Event and Response between Sugar and WTI

unusual behavior, which suggests the shock is on average surprising, and
the extreme shock is unlikely caused by the stressed market conditions in
other series. It turns out except for unclustered bad event defined by corn,
all cumulative returns become statistically significant on the event days.
Focusing on the asymmetry in the impact, one can also notice the impact
from the good days have a larger magnitude than that of the bad days even
though the quantile table of the extreme events for both series shows bad
days with more extreme returns regarding magnitude.

Corn and Gas Corn is responding to the right tail events of natural gas
but not to left tail events. Five treading days prior to the extremely positive
return on natural gas, the corn has been on an upward trend and jump to
a significant cumulative return on the event day. However, this pattern is
corrected right after the second day following an average event. The response
of natural gas to good days by corn seems noisy and the response to bad
days by corn is not significant in spite of a downward trend.

Corn and Sugar Corn and sugar are two soft commodities, which are
grown rather than mined. Their responses to cross series extreme day are
mainly visible on good days but not bad days. Without any notable cu-
mulative return, corn cumulative return increases by 1% on average good
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Figure 4.14: Extreme Event and Response between Corn and Ethanol
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Figure 4.15: Extreme Event and Response between Corn and Gas
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Figure 4.16: Extreme Event and Response between Corn and Sugar

day defined by sugar and maintain at the same level. However, extremely
positive returns of corn takes roughly five trading days after event day to
achieve the impact of the same magnitude on sugar. For the bad days in
both markets, the cumulative returns fluctuate around 0 along the window
and are barely significant.

Ethanol and Gas Ethanol seems not to be responsive to the bad days by
natural gas as the returns wander around 0 with two diverging confidence
bands. The other three plots suggest the extremely positive and negative
returns are usually associated with the bull and bear markets of the other
series receptively, but the extreme events themselves do not exert any notable
impact onto the other market on the event days.

Ethanol and Sugar There is no sign of significant cumulative returns of
ethanol prior to any good or bad events by sugar. On the event day, the
point estimate of the return is relatively small compared to the cumulative
returns realized in a week after the event days. The plot suggests on average
there might be a time lag of two days for an extremely negative return in
sugar to have an impact on ethanol. As for the sugar, response associated
with good days in ethanol does not deviate from 0 in magnitude and is not
significant along the event window. The downward trend in the sugar seems
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Figure 4.17: Extreme Event and Response between Ethanol and Gas
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Figure 4.18: Extreme Event and Response between Ethanol and Sugar

to precede the bad days in ethanol despite its statistical insignificance.

Gas and Sugar Natural gas experiences bull market five days before the
positive events of sugar with statistical significance and the trend is some-
what reversed with correction. For the bad day of sugar, natural gas does
not signal any coming extreme negative shock in sugar until two days prior
to the events and the trend is sustained and continued. The other side of
the interaction shows a similar pattern but in a less convincing way as the
confidence interval get wider.
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Figure 4.19: Extreme Event and Response between Gas and Sugar

4.4.4 Discussion on the Economic Story

The methodology employed in this section is novel. Although it does not
establish causal relation among the commodity extreme event and cross
responses, it demonstrates the interactions among the impact of extreme
returns across commodities. In summary, the response around the extreme
return could be categorized as trend and reversal of initial rend or trend
continuation. The economic theory and rationale behind these empirical are
both rational and behavioral. It is also related to some strand of literature
in behavioral finance and market microstructure. Pedersen (2015) provides
a good source of review. Initial underreaction to information happens when
shocks, in our case, extreme returns across commodities cause the value of
an asset change immediately. market price follows the direction of change
but its initial underreaction results in subsequent trend. Literature has
documented the causes for this initial underreaction (Barberis, Shleifer, and
Vishny, 1998; Duffie, 2010; Frazzini, 2006)

1. Anchor and insufficient adjustment: human tend to rely heavily on the
first pieces of information and adjust the view insufficiently to the new
information.

2. The disposition effect: People tend to realize gain early and loss later.
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This creates counter price trend pressures and slow down the adjust-
ment to new information.

3. Non profit seeking activities (especially in fixed income and foreign ex-
change market): central bank interference market to reduce the volatil-
ity of the exchange rate and interest rate, potentially slowing down the
adjustment process.

4. Frictions and slow moving capital: some market participant is con-
strained by regulations and market frictions and this results in delayed
response to new information and thus initial underreaction.

Following the initial trend, the trend can either continue even beyond the
fundamental value or reverse. Trend continuations can be explained by
delayed overreaction (Daniel, Hirshleifer, and Subrahmanyam, 1998; Hong
and Stein, 1999; Vayanos and Woolley, 2013; Welch, 2000).

1. Herding and feedback trading: when initial trend starts, some traders
may begins to pariticipate due to herding and feedback trading.

2. Confirmation bias and representativeness: Human tend to focus too
much on evidence that confirms what they already believe and ignore
others. The recent price trend is perceived as the representative of the
future thus inducing capital flowing from losers to winner of asset and
continuing the trend.

The findings that some of the seemingly unrelated commodities response to
extreme events of one another could be puzzling. This can be explained by
the increasingly important direct and indirect participation of hedge fund
and Commodity Trading Advisor (CTA) in the commodities market. When
market participants suffer from extreme loss, they may rebalance the portfo-
lio positions due to risk management scheme, regulations, client contribution
withdrawals.

4.5 Conclusion

Whether or not and how commodities are connected is a general question
many researchers focus on and try to answer either from a theoretical per-
spective or an empirical perspective. Both linear and nonlinear techniques
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have been applied to this question. However, whether the tail event in-
teraction of commodities behave differently or whether the tail dynamics
respond asymmetrically to positive and negative extreme events defined by
the other commodities are questions that may not be easily answered with
traditional time series methodology unless it is explicitly modeled. Answer-
ing this question or even the attempt to document stylized facts on this
question will enhance our understanding of commodity dynamics.

This chapter utilizes the modified event study method which focuses on
the daily extreme returns of every commodity future settlement prices and
tracks the cumulative return pattern around the extreme return dates of
other commodities. The statistical inference procedure applies bootstrap-
ping method without parametric distributional assumption. Point estimate
of the average cumulative return can reflect how the commodity market is
linked in the tail given the pattern and the associated standard deviation.
The well-documented interpretation of traditional event study methodology
is borrowed. It finds out that the interaction of tail dynamics of commodity
returns is complex regarding tail asymmetry, pre-event and post-event mar-
ket efficiency and information flows direction. Magnitude asymmetry exists
in the of the responses to the positive and negative event days. Directional
asymmetry also exists, which means the responses between extreme returns
of two commodities could be unidirectional or bi-directional. Generalized
impulse response function is conducted with a VAR model for comparison
and reveals that there is distinct pattern of the extreme returns response.

For future study, a closer look at these event days could be carried out in
details. First, the classification of different patterns should be examined for
underlying transmission mechanism. Whether the pattern is due to market
condition, any behavioral biases, or economics equilibrium forces are worth
examining. Second, non-price series can be included in the analysis. Trading
volumes and open interests capture the trading activities, and the determi-
nation of holding long/short position by market participants, and thus tail
event analysis can provide a unique perspective.
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Chapter 5

Conclusion

The increased complexity of commodity interaction and dynamics driven by
both commodity financialization and the nature of the commodity products
motivates this thesis to devote into volatility modeling, nonlinear linkage
and extreme return interaction in three self-contained essays.

The first essay points out the missing gap in agricultural commodity
volatility modeling. There is strong empirical evidence showing the volatil-
ity persistence in agricultural commodity which most conditional volatility
models fail to capture. However, limited attention has been paid to this
stylized fact despite the importance of volatility modeling in volatility trad-
ing, derivative pricing and portfolio optimization besides theoretical interest.
The first essay studies the long-run dependence in return volatility of corn,
rice, soybean, and wheat with daily return from Jan 3rd, 1994 to Feb 18th,
2015. It compares the modeling performance within the sample and out of
forecast measure of both standard GARCH model and component GARCH
model with normal, student, (skewed) generalized error distribution. It finds
out strong evidence on long run and short run component structure with
component GARCH model in most of the cases. For conditional distribu-
tion, although skewness introduced by inverse scale factors are found to be
highly significant, out of sample performance favors conditional distribution
without skewness. This may due to estimation error and it suggests that
skewness is of less importance than fat-tailness for agricultural commodity
modeling. However, the volatility persistence turns out to be essential due
to the superiority of out of sample forecasting by component GARCH model
as evidenced by Diebold-Mariano test on one day ahead forecast. Besides,
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VaR forecast is backtested with unconditional coverage and conditional cov-
erage test and the results again favor the component GARCH over standard
GARCH model.

The dynamics of grain products has been well explained by Marshallian
model of demand and supply with inter-grain substitution (substitution of
one grain for another) and inter-temporal substitution (storage enables sub-
stitution of current consumption for future consumption) until 2004. Biofuel
production surge is pointed out in the literature to explain it. Biofuel pro-
duction surge has also stimulated both theoretical and empirical studies on
the energy and grain linkage. However, the empirical findings regarding the
linkage is mixed. Since literature on time series has pointed out unit roots
and cointegration tests have low power to detect unit roots or cointegration
in the presence of asymmetric adjustment, the failure of some of the existing
literature to detect cointegration may be due to this misspecification. Thus
the second essay applies a non-linear cointegration with asymmetric adjust-
ment threshold and its error correction model to study the global energy and
grain linkage. It finds out global energy price index and global grain index
are cointegrated with energy price evolving more independently than grain
price. This is consistent with the notion that energy price is mainly driven
by its fundamentals such as supply and demand while agricultural commod-
ity could also be affected by derived demand such as production of biofuel.
Asymmetry is also found in both long run and short run. In the long run,
disequilibrium adjustment responds asymmetrically to previous positive or
negative deviation in the MTAR cointegration while in the short run the
asymmetry exists only in error correction adjustment for the grain series.

The literature on the interaction between commodities does not single
out the extreme price changes from the normal returns. The third essay
on cross-commodity extreme event finds out there are distinct and mixed
patterns in the extreme returns compared to those suggested by traditional
time series methods. For traditional time series methods, this essay com-
putes generalized impulse response function from a VAR model and finds
out the impacts of shocks become negligible within two to three trading
days. However, it utilizes the modified event study method to track the cu-
mulative return response of Brent oil, corn, ethanol, natural gas, sugar and
WTI oil around extreme return days defined by these commodities and finds
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out cumulative return response exhibits noticeable and distinct patterns af-
ter the extreme shocks. It also examines whether there is heterogeneity in
the interaction between extreme returns. Bootstrapping method is applied
for statistical inference without parametric distributional assumption. It
finds out the interaction of tail dynamics of commodity returns is complex
regarding asymmetry, pre-event and post-event market response and infor-
mation flow direction. These findings suggest treating all the return shocks
homogeneous might be misleading.
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.07967

(.02197)
(.02122)

(.02681)
(.04374)

alpha1
.09239

∗∗∗
.09245

∗∗∗
.08870

∗
.07704

∗∗

(.02227)
(.01983)

(.03773)
(.02929)

beta1
.89556

∗∗∗
.89542

∗∗∗
.89413

∗∗∗
.29785

(.02668)
(.04765)

(.03618)
(.72077)

skew
1.04685

∗∗∗
1.04685

∗∗∗
1.04678

∗∗∗
1.04679

∗∗∗

(.01816)
(.01816)

(.01828)
(.01829)

shape
1.23582

∗∗∗
1.23561

∗∗∗
1.23548

∗∗∗
1.23548

∗∗∗

(.05501)
(.05496)

(.05500)
(.05538)

beta2
.00005

.53080
(.06294)

(.65915)
alpha2

.00495
.07489

(.05188)
(.06206)

A
IC

3.66354
3.66414

3.66414
3.66447

B
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3.67172
3.67397

3.67396
3.67593

SIC
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3.66414
3.66413

3.66446
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A
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A
R
C
H
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csG
A
R
C
H
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A
R
C
H
22student

om
ega

.05298
.05327

∗∗∗
.05253

∗∗∗
.01724

∗∗∗

(.04432)
(.01282)

(.01219)
(.00430)

alpha1
.01211

.01184
.00188

.07557
∗∗

(.04066)
(.02053)

(.03214)
(.02412)

beta1
.85662

∗∗∗
.85487

∗∗∗
.84663

∗∗∗
.24451

∗∗∗

(.15441)
(.15278)

(.12479)
(.01724)

eta11
.98630

∗∗∗
.98597

∗∗∗
.98623

∗∗∗
.99536

∗∗∗

(.01119)
(.00358)

(.00280)
(.00000)

eta21
.09389

∗
.09377

∗∗∗
.09312

∗∗∗
.00775

∗∗∗

(.04040)
(.02006)

(.01897)
(.00153)

shape
5.27327

∗∗∗
5.28113

∗∗∗
5.29132

∗∗∗
5.30542

∗∗∗

(.49256)
(.45806)

(.46391)
(.45978)

beta2
.00007

.56331
∗∗∗

(.05240)
(.01206)

alpha2
.01344

.08536
∗∗

(.03013)
(.02710)

A
IC

3.65247
3.65316

3.65309
3.65396

B
IC

3.66229
3.66462

3.66455
3.66705

SIC
3.65246

3.65316
3.65309

3.65395
H
Q
IC

3.65596
3.65724

3.65717
3.65861

∗∗∗
p
<

0
.0
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<
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.0
78

80
∗∗
∗
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∗
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∗
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1)
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0)
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5)
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6)
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e
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23
49

2∗
∗∗
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23

49
0∗
∗∗
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23

61
3∗
∗∗
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59
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∗∗
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2)
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05
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4
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55
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6
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9
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7
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3.
66

48
3

3.
66

55
3

3.
66
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7
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A
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C
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G
A
R
C
H
-sged

estim
ation

result
for

C
orn

csG
A
R
C
H
11sged

csG
A
R
C
H
12sged

csG
A
R
C
H
21sged

csG
A
R
C
H
22sged

om
ega

.04257
∗∗∗

.04269
∗∗∗

.04240
∗∗∗

.04191
∗∗∗

(.00173)
(.00851)

(.00855)
(.00851)

alpha1
.02953

.02948
.00920

.00637
(.01909)

(.01912)
(.01378)

(.02846)
beta1

.84973
∗∗∗

.84929
∗∗∗

.82892
∗∗∗

.33415
(.04966)

(.02413)
(.07209)

(.22526)
eta11

.98784
∗∗∗

.98767
∗∗∗

.98790
∗∗∗

.98803
∗∗∗

(.00001)
(.00002)

(.00001)
(.00032)

eta21
.07744

∗∗∗
.07723

∗∗∗
.07756

∗∗∗
.07728

∗∗∗

(.01295)
(.01609)

(.01583)
(.01544)

skew
1.04624

∗∗∗
1.04628

∗∗∗
1.04584

∗∗∗
1.04632

∗∗∗

(.01843)
(.01857)

(.01894)
(.01863)

shape
1.24574

∗∗∗
1.24572

∗∗∗
1.24701

∗∗∗
1.24698

∗∗∗

(.05170)
(.05299)

(.05341)
(.05343)

beta2
.00000

.41929
∗

(.04354)
(.18153)

alpha2
.02679

.04479
(.02692)

(.02722)

A
IC

3.66425
3.66495

3.66470
3.66506

B
IC

3.67571
3.67805

3.67780
3.67979

SIC
3.66425

3.66494
3.66469

3.66505
H
Q
IC

3.66833
3.66960

3.66936
3.67029
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p
<

0
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0
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p
<
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33
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∗∗
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∗∗
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∗

.1
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∗∗

(.
01

53
5)
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45
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04
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5)
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55
5)

be
ta
1

.9
06

10
∗∗
∗
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25

31
∗
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06

06
∗∗
∗

.5
25

13
∗∗
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01

48
2)

(.
23

78
0)

(.
01

38
2)

(.
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48
7)

be
ta
2

.3
49

66
.3

49
83
∗

(.
21

41
7)

(.
15

24
5)

al
ph

a2
.0
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00
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00

00
(.
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3)
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05
99

4)

A
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A
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G
A
R
C
H
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estim
ation

result
for

R
ice

garch11student
garch12student

garch21student
garch22student

om
ega

.05685
∗

.08056
∗∗

.05682
∗

.08056
(.02401)

(.03041)
(.02684)

(.05376)
alpha1

.07340
∗∗∗

.10580
∗∗∗

.07340
∗∗

.10580
∗∗

(.02031)
(.02472)

(.02361)
(.03848)

beta1
.91263

∗∗∗
.43525

∗∗∗
.91263

∗∗∗
.43524

(.02334)
(.11990)

(.02852)
(.54232)

shape
4.45891

∗∗∗
4.48600

∗∗∗
4.45906

∗∗∗
4.48583

∗∗∗

(.37469)
(.37827)

(.37455)
(.37669)

beta2
.43915

∗∗∗
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(.11053)
(.47210)
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.00000
(.03073)
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IC
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3.73508
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garch11sged
garch12sged

garch21sged
garch22sged

om
ega

.05851
∗∗

.08045
∗∗

.05851
∗

.08042
∗

(.02259)
(.02989)

(.02331)
(.03807)

alpha1
.07627

∗∗∗
.10687

∗∗∗
.07627

∗∗
.10687

∗∗

(.01649)
(.02213)

(.02644)
(.03589)

beta1
.90890

∗∗∗
.46401

∗∗∗
.90889

∗∗∗
.46401

(.01985)
(.12290)

(.02179)
(.32392)

skew
1.00019

1.00025
1.00020

1.00025
(.00262)

(.00265)
(.00262)

(.00265)
shape

1.12235
∗∗∗

1.12382
∗∗∗

1.12236
∗∗∗

1.12383
∗∗∗

(.06511)
(.06580)

(.06566)
(.06597)

beta2
.40885

∗∗∗
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(.28321)

alpha2
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(.03002)

(.06361)

A
IC

3.75793
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3.75843
3.75804
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IC
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11student
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A
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C
H
12student
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A
R
C
H
21student
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A
R
C
H
22student

om
ega
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.00590

∗∗∗
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∗∗∗
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(.00174)
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(.00175)

alpha1
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garch21sged
garch22sged
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(.01647)

alpha1
.07324

∗∗∗
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.09336

∗∗∗
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(.02127)
(.02664)

beta1
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∗∗∗
.58746

∗∗∗
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∗∗∗
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∗∗∗

(.01426)
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(.01804)
(.06903)

skew
.95476

∗∗∗
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∗∗∗
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beta2
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3.54633

B
IC

3.55415
3.55562
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Table A.33: Diebold Mariano Test Result for Comparing Standard GARCH
and Component GARCH with Corn Returns

DM Statistic Different More Less

nor11 2.19111 0.02850 0.01425 0.98575
nor12 2.21748 0.02665 0.01332 0.98668
nor21 1.41010 0.15859 0.07930 0.92070
nor22 1.30946 0.19046 0.09523 0.90477
std11 11.07024 0.00000 0.00000 1.00000
std12 11.15305 0.00000 0.00000 1.00000
std21 10.31488 0.00000 0.00000 1.00000
std22 12.99777 0.00000 0.00000 1.00000
ged11 5.00560 0.00000 0.00000 1.00000
ged12 5.20175 0.00000 0.00000 1.00000
ged21 4.06841 0.00005 0.00002 0.99998
ged22 4.70444 0.00000 0.00000 1.00000
sged11 4.57598 0.00000 0.00000 1.00000
sged12 4.78372 0.00000 0.00000 1.00000
sged21 3.55888 0.00038 0.00019 0.99981
sged22 4.24820 0.00002 0.00001 0.99999

Table A.34: Diebold Mariano Test Result for Comparing Standard GARCH
and Component GARCH with Rice Returns

DM Statistic Different More Less

nor11 7.24446 0.00000 0.00000 1.00000
nor12 9.08411 0.00000 0.00000 1.00000
nor21 7.14773 0.00000 0.00000 1.00000
nor22 9.07991 0.00000 0.00000 1.00000
std11 -2.03309 0.04211 0.97894 0.02106
std12 -1.70304 0.08864 0.95568 0.04432
std21 -1.81598 0.06945 0.96527 0.03473
std22 -1.70141 0.08895 0.95553 0.04447
ged11 0.40128 0.68824 0.34412 0.65588
ged12 0.87311 0.38266 0.19133 0.80867
ged21 0.62174 0.53415 0.26707 0.73293
ged22 0.71149 0.47682 0.23841 0.76159
sged11 -0.26872 0.78816 0.60592 0.39408
sged12 0.87287 0.38279 0.19140 0.80860
sged21 0.09840 0.92162 0.46081 0.53919
sged22 0.86812 0.38538 0.19269 0.80731
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Table A.35: Diebold Mariano Test Result for Comparing Standard GARCH
and Component GARCH with Soybean Returns

DM Statistic Different More Less

nor11 3.59347 0.00033 0.00017 0.99983
nor12 3.53168 0.00042 0.00021 0.99979
nor21 3.27259 0.00108 0.00054 0.99946
nor22 2.97149 0.00298 0.00149 0.99851
std11 5.55997 0.00000 0.00000 1.00000
std12 6.53633 0.00000 0.00000 1.00000
std21 5.02785 0.00000 0.00000 1.00000
std22 5.33341 0.00000 0.00000 1.00000
ged11 3.84911 0.00012 0.00006 0.99994
ged12 3.94633 0.00008 0.00004 0.99996
ged21 3.46625 0.00053 0.00027 0.99973
ged22 3.24475 0.00119 0.00059 0.99941
sged11 3.96010 0.00008 0.00004 0.99996
sged12 4.10381 0.00004 0.00002 0.99998
sged21 3.52917 0.00042 0.00021 0.99979
sged22 3.30586 0.00096 0.00048 0.99952

Table A.36: Diebold Mariano Test Result for Comparing Standard GARCH
and Component GARCH with Wheat Returns

DM Statistic Different More Less

nor11 3.69881 0.00022 0.00011 0.99989
nor12 1.31733 0.18781 0.09390 0.90610
nor21 3.61007 0.00031 0.00016 0.99984
nor22 2.34315 0.01917 0.00959 0.99041
std11 4.29298 0.00002 0.00001 0.99999
std12 4.45609 0.00001 0.00000 1.00000
std21 4.26438 0.00002 0.00001 0.99999
std22 4.41715 0.00001 0.00001 0.99999
ged11 3.73669 0.00019 0.00009 0.99991
ged12 1.71874 0.08574 0.04287 0.95713
ged21 3.71154 0.00021 0.00010 0.99990
ged22 3.10018 0.00195 0.00097 0.99903
sged11 3.89209 0.00010 0.00005 0.99995
sged12 2.95770 0.00312 0.00156 0.99844
sged21 3.86770 0.00011 0.00006 0.99994
sged22 3.39736 0.00069 0.00034 0.99966

148


	Table of Contents
	Summary
	List of Figures
	List of Tables
	List of Acronyms
	Introduction and Background
	Essay One: Long Memory Volatility in Food Futures
	Introduction
	Review of Literature: Missing Role of Volatility Persistence in Agricultural Commodity
	Methodology
	Results
	Conclusion

	Essay Two: Asymmetric Price Transmission in Global Energy Grain Nexus
	Introduction
	Literature Review: Mixed Findings in the Linkage
	Methodology
	Empirical results
	Conclusion 

	Essay Three: Extreme Event Studies in Commodities Markets
	Introduction
	Literature Review 
	Methodology
	Results
	Conclusion

	Conclusion
	References
	Appendix

