International Journal of Technical Research and Applicationse-ISSN: 232608163,

www.ijtra.comSpecial Issue 21 (Julg015), PP17-22

INTERNATIONAL CONFERENCE ON
BUSINESS, ECONOMICS, LEGAL STUDIES &
HUMANITIES

(20-21 JULY 2015,

KUALA LUMPUR)

ANALYZING ASYMMETRIC RISKS IN CORN AND SOYBEAN MARKETS

Chaoi Wei Chung Ph.D. Student
Department of Applied Economics,
National Chung Hsing University
Taiwan, R.O.C
cc.w9796@msa.hinet.net

Tel:

86-7-8316131 Ext.107

Fax: 8867-8232139
Mailing Address: No.107, Lingya 2nd Rd., Lingya Dist., Kaohsiung City 80244, Taiwan (R.O.C.)

Abstract Contemporaneously, Value at Risk (VaR) is one of the
most important measures of risk which is percentile of the profit
and loss distribution of a portfolio over a specified period We
could explore portfolio risk and loss created through quick
movement ofthe economy by using dynamic VaR method To
analyze VaR ofthe Jan.2006 to Sep. 201dorn and soybeanspot
prices in CBOT, we propose the application of stochastic
volatility with Student-t errors (SV-tf) model that maximizes
expected returns subject to a Valuat-Risk constraint to depict
the risk of heteroscedasticity and leptokurtic accuracy. We also
propose the efficient and best way Markov Chain Monte Carlo
(MCMC) simulation estimation method. Empirical results show
all coefficient estimates iluding jump effect and leverage effect,
and that the VaR value of soybearis larger than that of corn
indicating more price volatility in soybean than cornwith shocks
in the emerging international commodity markets Speculators as
well asbusinessoperators might be able to earn risk premium or
avoid risk loss by the operation of portfoliochanges However,
both corn and soybean price VaR value are more than 5%
indicating possible underestimates of returnsfrom portfolio
operations. It is suggested that more portfolio returns of soybean
and corn futures market operation may be available.

Index Term® Value at Risk (VaR), Markov chain Monte

Carlo estimation methods (MCMC), Stochastic Volatility M odel
with Student-t errors (SV-t).

|. INTRODUCTION

nutritional supplemest Returnvolatility of corn and soybean
should impact thér utility compositionin practical world
Moreover, these two marketsvould influence each other in
response to climatic, politicahcentive and other manmade
changesAs a resultlearning the possible portfolio behaviors
from the analysis of asymmetric risks in both corn and soybean
markets becomes attractive to peopievolved in the
speculation and business operation on raw feed inputs. This
paper intends to apply the stochastic volatility with student t
errors (SW) model by using Markov ChaitMonte Caro
(MCMC) estimation to analyze Value at Risk (VaR)aofrn
and sybearreturns

There are reasons that they are not for financial
establishments involved in largeale trading operations, but
for retailers, processing factories, feed companies institutional
investors, noffinancial enterprises and etc. In these emisep
portfolio choice, expected returns and risk class is optimization
of asset allocation. It is rather difficult to compare various
portfolio management strategies with the different instrument
types. Therefore we might need a unique and universal risk
measurement tool to solve those difficult doubts. Risk, the
special topic of modern discussionamaluation ofmarkets, is
extreme value theory and implementation of extreme value
distribution in risk measuremenEor these reasons, the most
widely used @ol to measure from 1994, gear and control
market risk is ValuatRisk (VaR). VaR has become one of

Owing to soaring world oil price, increased application of the most popular and important estimation. It is the most used

biofuel energy and raised feed demandaround 2006

measures of risk to estimate even if it may be not accurate. Up

asymmetric volatility spillovers are much more pronounced if® Now, VaR helps to manage the first line market risk to
corn and soybean markeSigure1&2. Corn and soybean SOlve many economic doubts.

make up the greatest composition of the feed mavitetdirect
relation to variougnergy, meathumanconsunption, bio-fuel
marketsand GDP performancelmportantfeed prescriptiorare
40 percentof corn and 50 percent ofoybeanwith other

To explore portfolio risks, VaR were developed very
quickly from the traditional diribution of profit and lossThe
simplicity of the VaR concept has directed many organizations
to recommendthat VaR become a standard risk measure.
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Customers would like to know about possible losses in their Il. VALUE-AT-RISK(VAR), STOCHASTICVOLATILITY (SV)
portfolio under the certain suggestions in markétsestors MODEL WITH STUDENT-T ERRORS AND MARKOV-CHAIN
would like to know about possible risk in their portfolio which MONTE CARLO (MCMC) ESTIMATION

they design in economic vollity. Today we cannot find a lot

of risk estimation methods but let us measure risk in figures by

VaR. A. Valueat-Risk (VaR)

This paperproposs a dynamic portfolio selection in feed  |n July 1993 it is widely represent to delegataR to
market modéd st ochasti c vol -distribdtiont ydestriBe risktthe@ aré rhahysusets to extend the risk definition
that maximizes expected res subject to a VaR constraint. and having increased dramatically in the Group of Thirty
The SV model is intuitively appealing since it allows thereport. Here we note that it is important to recognize that the
contemporaneous shock to the present transmission volatilityaR technique has gone through significant refinement. We
and includes a limiting case when the standard deviation @ould wse the VaR to calculate vital process changes since its
shocks on volatility goes to zero. More innmtly, the SV primary meanings. Recently there are increasing trade quantity
model is able to analyze whether the shock to the volatilities iand different price volatility, instability have prompted new
the technological breakthrough in energy development ofiomain to explain the need for market participation to develop
substitution elasticity are transmitted into the volatilitiesreliable ri& techniques to measurth order to evaluate the
mutually or not. ability of the models to forecast the future behavior of the

SV type models generally allow for tinvarying skewness volatility process, we study the forecasted VaR in this paper.
and kurtosis of portfolio distributions estimating the modelBuilding an information report VaR is symmetric and
parameters byMCMC method (see Tsay, 2001). Kobayashiasymmetric or not which helmvestors to measure financial
and Shi (2005) proposed a method for testing the hypothesis afhd market risks.
the EGARCH against the SV model. Until now, Junji Shimada Consequently, we find that VaR not only pass into a
et al take evidence in U.S. stock market and Japanese stoglsirable description, but also an easily interpretable summary
market to prove that SV model is preferred to the EGARCHneasure of riskThis is due to allow its users to focus attention
model in terms of the Lagrange Multiplier test of the EGARCHpn the sec al | e d niarked conditiod i n t hei r
against the SV models. operations. VaR models compile several constituents of

As a promising approach, we purpose-Swodel for the  volatility risk into a single quantitative measure of the potential
flexible skewness and heatgiled that we consider the for losses over a specified time. Due to transmit the market
generalized hyperbolic (GH) distribution which is proposed byisk of the whole portfolio, as ftiwing models are clearly
BarndorftNielsen (1977). It is closed under an affineimploring in measuring estimation.
transformation of inor exogenous relationship. This method To calculate the VaR it is important to fix a confidence
could be easily estimated by the maximum likelihoodlevel and a time interval thatescribes the number of days.
estimation for a time independent model. It exist that it isConsequently we need to hold a given portfolio and for which
difficult to generate for the S¥model because of many latent we are inteesed in evaluating the riskn empirical evidence,
volatility variables. It requires a genetalirden to repeat the VaR dates back to the computation of a quantile of interest that
particle filtering many times to evaluate the likelihood functionillustrates the probability associated to a certain exaggerated
for each set of parameters until we find the maximum. Foloss.
these reasons, we apply the MCMC algorithm for a precise and |n general, we could face the market risk, credit risk and
efficient estimation of the S¥ model with asymmetrically  operationalrisk in financial or commodity environment or
heavyt ai | ed err or usi ndgistribltien. G Hns@kichyHowelel, Gimpglytwihsderivative instruments, like

This paper purposes to investigate the value at risk whethegructured products, it is difficult to calcula¥aR at first sight
the upturns or downturns of the corn and soybean meal exert @t nonlinearity reasons. In these reports, the risks of the
asymmetric influence on the conditional mean and volatilit investments aremeasured and presented in a transparent
using the data issued from Jan.2006 to Sep. 2014 of the spAhnner.The VaR presentation exhibits the potential loss for
price in CBOT. We use the Svmodel which allows the the portfolio under distinctcenariosWe clarify the VaR as the
simultaneous treatment of asymmetric global transmission imaximum possible loss that can enter within a definiteogeri
the conditional mean and volatility across the soybean meglith a certain trust levelAs the effective movements of a
and corn markets. possible loss, still the VaRalculationswere implemented in

The article is organized as follows. Section 2 introducegddition. The VaR concept scenarios are defined to calculate
VaR, SVt model Section 3 we estimate results. Section 4he changes in market risk factors and the potential losses,
gives some concluding remarks. which would result with the occurrenoéthe scenarios.

In this article we recommend to follows Campbell,
Huisman, and Koedijk (2001). Through maximizing the
expected return subject to a risk constraint, the optimal
portfolio model apportions financial assetshese risk is
estimated by VaRFor a selected investment horizon the
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maximum expected loss should not surpass the VaR in the E(\m -m R -
opti mal portfolio at a given éo‘ﬁ”’ﬁ)i d”U?w(cE(etﬂw)ev& MSL H We <c ol

the possibility of borrowing and lending at the market interesé € € € € € € . 5
rate, considered as given.
- m . t b Equation (5) shows that a rislverse investor wants to
Define as the invest o 0stheweanjesttalfractBr of hisiw8hh in risky assets if the expected
return of the portfolio is bigger than the risk free rate.
amount of money that can be borrowel%l ¢ 0) or lent P< 0) Substituting (5) in (3) gives:

. r . ) . . .
at the risk free rat€ . Consider n financial assets with prices at

time t given by ', WithI =12,.... n. Define o 8m Q( Rﬂim)_ f +M(1 f) M VaR 81 a
Y - ==n . AAbAbABbBE
ylgy”:\ﬁ: - t eéeecéee. 6
toet A Yo as the set of portfolios so that,
weights at tim&, with well-defined expected rates of return, éR ¢ VaR' + Mr @ 1
such that 1+ ~ ¥ (M ) /' is the number of shares t e e maAQ 4]

of asset! at timel. The budget constraint of the investorisé . é é. éé éé. 7

given by: _ _g(ma) S
w N . Here we define the quantil 7 of the distribution of

M, +h A MR AP the return of the portfolio
éééeeeee. . 1 probability of occurrence of " @). The value of@ is the

The value of the portfolioa&"‘lisr distance of the means measures in number of standard

_ deviations. Instandard distribution we know that 1.65

(Mtﬂim) - (Mt ﬂ)(l R 4m ) b{l b ) correponds to 95% confidence level.

éééeéeéeéeée. .2

B. Stochastic Volatility (S¥) model

where Rﬂm is the portfolio return at maturity. The VaR Unlike these chosen classes that prevent a simple
of the portfolio is defined as the maximum expected loss over @mMparison of competing SV models, our advocated class is

given investment horizon an 2¢dPp a singlepargrepich alows pfigriegsdesting qny, ¢ |
. the functional érm specifications for the S\MVe clarify the
R &M + ¢ Mt VarR 2% a- stochastic volatility model as a logarithmic fistder
e tm u . ; .
,,,,,,,, autoregressive procesSimultaneously the SV which is ever
used in the optiopricing literature is a discretame
Where the probabilityR is conditioned on the available @Pproximation of the continuodsne OrnsteirUhlenbeck
= diffusion process (selull & White, 1987. It is a choice to
information at time! and Va is the cutoff return or the the GARCH models, which have counted on amnitant
investoros desired VaR | ev e lmodeling\dahe érst and setond nfomddpr certain finahol p r
of occurrence. Equation (3ppresents the second constrainttime series such as stock index return, which have been
that the investor has to take into account. The portfoli@emonstrated to illustrate high positive fioster
optimization problem can be expressed in terms of thautocorrelations, this composes amelioration in terms of
S E( MHJ ) _ efficiency; (seeCampbell et al. 1997, Chapter 2). The
maximization of the expected returns M7, subject to  volatility of daily stock index returns has been calculated with
the budget restriction and the VaBnstraint: SV models but usually results have depended on extensive pre
modeling of these series, thus evading the problem of
concomitant estimation of the mean amdiance In SV model,

MT1 gr 1 EM._ 1 r° we should look that this single parameter also provides a
! gmmaX(Mt -b‘ X ( t=im ) b ( ’ measure of degree of departure from the classiah&dels in
666666 . 4 asymmetric effectFurthermore, with this general approach to
' ( modeling SV, one obtains the functional form of

transformation, which induces marginal normality of volatility.

In this paper we find that customary wisdom would
dictate that when there are insufficient numbers of observations
in data, we would obtain an imprecise and biased estimate of
f)arameters we would wish to deduce. Although SV models are
known to be more stzble to delineate the tail thickness of

E
s.t. (1) and (3). ”””‘) represents the expected return
of the portfolio given the information at tirhe The
optimization problem may be rewritten in amconstrained
way. To do so, replacing (1) in (2) and taking expectation
yields:
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financial returns than ARCitype models, extreme movements Apparently, the SV model allows for excess kurtosis and
in returns occur more frequently in the observed data than thelatility clustering and for cross dependence in both the
models implies. We purpose this theorem to describe theeturns and the volatilities.

heavy tails of returns and face tpeblem of the comparison
taking into account both goodnesffit statistics which obey N . .
St u d e-digtribudion Bnd forecasting performance which(:'IESt'rr]"Jltlon and inferencesing MCMC

relies on the ability to forecast conditional variances in this In this paper we refer the reader to Koopman and Hol
paper. Uspensky (2002) for more explanations. We estimate with the

Due to insufficient to expressettail fatness of returns Parameters of the SV model by exact maximum likelihood
and the jump components, which may be correlated, SV witfethods which we make use of Monte Carlo importance
Student! errors have innovatetb explain the tail behavior. sampling techniques. Eh'ke“h.OOd fqnchon for the SV model
The jump component is consi @ag tbee ns(,jtrugted u@mgdslmgl tipng elih%dﬁ pr%pgsedaby L
process which is used ithe continuous time modeling of hephar_ and Pt (1997) and Dgr N and Koopman 1997)."In
financial asset pricing widely. this section, we recommend a likelihebdsed technique for

; del estimation and inference using MCM@Ve advocate
The corn and soybean market prices are assumed to hav 9 ) .
first-order autoregressive (AR) relationship, possibly withﬁle Bayesian Markov Chain Monte Carlo (MCMC) method

asymmetric effects of the lagged variable. Due to increases Hacqwer, Polson and Rossi, 1994 and Kim et al., 1998) for

the marketprice, these data represent the residuals calculate‘%?t'watrg thet)hSYthmolqlf IT.:]hroéj?houtF th|§ pda}ﬁgr.lt i timat
from the following equation: e know that the likelihood function is difficult to estimate

the discretdime SV type model. It would be possible to

Y. |lg, r=dexp(, )74;/? cexp(, /2 calculate the likelihood. This method uses a simulatiased
method for a given set of parameter which is a particle filter.
ﬁq ~iidt (0,1v) t=1,2,....n Since then it recounts the particle strain many times we
8 evaluate the likelihood functiofor each set of parameters. It
C/t+1| aqu, JfPs=u+( ., Mg + necessitates a computational task until we reach the maximum.
To vanquish these difficulties, we take Bayesian estimation
.. ) approach and proffer the Markov Chain Monte Carlo (MCMC)
h ~iidN (0, $) t=12,..n - 9 method to solve these issues.
-1 T This methodof MCMC we select in this paper, there are
4 Gammg v¥2, v2) &~ dN (0’1), some advantage and disadvantage points. For example, it could
f+1 augment the parameter space by including latent variables and
T ~ Beta(20,1.5) be applicable for many types of SV models. Beside these
) virtues, MCMC could have many pneters and be numerical
d* ~Gammg2.5,0.025) u~N-( 1 optimization. MCMC is not needed which is importance in
n~Gammgl16,0.8)1(r» 4) pragmatic evidence. That is the reason why MCMC could

show settings to have superior sampling properties comparing

Where Yi is the response variable, angt is the to other competing methods. It could calculate efficiently
oom h _ _ ~Wwhich enables us to check the accuracy of the method by using
unobserved logolatility, ** and " are Gaussian white noise simulations. On the contrary, the disadvantage is that it is more

:Jf| <], difficult to compute the estimators in variable designing.
sequences. There are two important reasons which we executed
ag o.. é0 6 14 r d MCMC to check tle reliability of our estimated approach.

giidN I% 0 2, 2, First, we check the model which we need not introduce any
¢t = I¢¥ ~ ¢ ' biases in parameter estimates in discrete the contifiimes
g, ~ N(O, é/l. 2;) model. Second, these models except MCMC could be not well

' if we develop multivariate jump difsion models in general.

In this paper we set a heatajled Student E) distribution  Due to these models verify to reliably estimate the parameters
for the return shock, and extra excess kurtosis is allowed. lior the given sample size.
order to mitigate the computational problems, we estimate the
number of parameters in the SV model. On the one hand, we
also capture the commofeatures of the feed returns and lll. EMPIRICAL RESULT
vol atilities. T hesor Gdtribusioh envthe St undtigish Jagesthe tuse of theVaR concept in portfolio
SV type models is successful in clearly showing themanagement with examples from the -ty trading price
distribution of the commercial returns data. In contrast, leweryolatility issued from the spot price volatility in the CBOT is
dimensional factor SV models have beenppsed in the undertaken from Jan. 2006 to Sep. 2014. We would
literature and have recently attracted some attention in the fieleecommend to purchase or salgerms of percentagehether
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on the spot and future market in the risky portfolio of corn andalance the whole soybean market anthishate the market in
soybean or not. VaR is a percentile of the profit and losfuture. Stringing along these following, speculators would
distribution of a portfolio over a specified time. The manipulate thefeed futue market and get more surplus.
distribution results are then used in the MCMC process by theould make VaR higher and social welfare lower in future.
application of radomly generated rate path to those that are

statistically relevant given the portfolio anticipated risk

profiles. [\VV. CONCLUSION
. E =nP. 4n P This paper believes that learning the possibldfqiar
In this paper we calculate the returft: t ! behaviors from the analysis of asymmetric risks in both corn

In order to eliminate instability average, we modify theandsoybearmarkets arattractive to speculators and business
— 1.7 — operatorsUsing the Jan.2006 to Sep. 20&4rn and soybean
=% —a w spot prics in CBOT, we apply Svt model and MCMC
observed value: Nz estimation to calculate théalue-atRisk (VaR) value of both
In these Tables, we outline the results for the corn antharkets. Empirical results showall coefficient estimates
soybean form the asymmetric SV model. It contains théncluding jump effect and leverage effeare easonably
posterior means, standard deviations, 95% Bayes crediblbtained. After the application of estimated coefficients into
intervals, simulation inefficiency factors for all the paeders, estimated MCMC simulationsve receive the VaR value of
and the MCMC for both models. corn and soybean. HE VaR value of soybean is largiban
MCMC estimationcalculatess 100,000 times and give Wpbe  that of corn indicating more price volatility in soybean than
first 30,000 times tgursue finalconvergenceesultof SV-t  corn with shocks in the emerging international commodity
model coefficientsin Table 1. The estimated coefficients are markets. Peculatorsas well asbusinessoperators mighbe
then applied into equatichto obtainequations @ and 2. As  able to earn risk premium or avoid risk loss by the operation of
a result, VaR values can be obtainedd expressed in portfolio changes. However, VaR vala of both corn and
equations 1 and B. soybean pricaeturnsare more than 5% indicating possible
G, .oy =0.001872 +0.8581@, ., -0.02923) +0.1uederestimates of returns from portfolio operations. It is
& ’é 666 10 ’ suggested that more portfolio returns of soybean and corn
' . i futures market operation may be available.
t=12,..... n - A [1iidN(0,0.0141
VaR,, =0.0202 +1.65

G soypean= 0-007732+0.8594Q, (e, +0.01032) +0.119
eéeéél

t=1,2,...n - A iidN(0,0.0142

VaR, pean=0.038 +1.65

eeeels . Figure 1. Corn and soybean pridgstoly (Jan.2006
About VaR, we calculate the average value by using the S\éep.2014)

oVaR,,, =0.054

t,corn

t soybez

model. The estimates a &

Vaaoybea”_ 0'059. These VaR values are about 5% but are

higher than 5%T his suggests that we underestimate the market

risk. We know that VaR is the linear function ®f. There are

the characteristics of long memory and persistence t6 the
According to the data of VaR in thpaper, it suggests we

underestimate the marketrisk which we find some

possibilities to suggestiorin the corn and soybearirhe

VaFioybear is larger thanVaRorn which indicate the degree

of reduce or increase price in soybean is bigger than in corn
market when shock comingin surplus of consumer or
producer, lie risk in soybean market is larger than in corn
market. It is opportunity thatspeculatorsmight createmass
surplus ofthesemarkets and wide applicationni energy and
bio-tech marketsMainland China grows more soybeans to
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