IR RS T U i)
JE HE 5 15 il 19 52 SL3kE PR e R

The Cross Hedging Effectiveness of Qil

Futures for Non-energy Commodities under
Regime Switching

Y=Y
Her-Jiun Sheu
T
Wo-Chiang Lee

%- —’% "j‘\ Fkk
Hsiang-Tai Lee

WA S R S

Department of Finance and International Business, Fu Jen Catholic University
SR SiUREEY - [E R a

Department of Bankmg and Finance, Tamkang University

FIF Y SRS S S R S
5, E-mail: sagerlee@ncnu edu.tw °

Department of Banking and Finance, National Chi Nan University
j@i‘ﬁ%’JE'EIEJ 12014F 5E) 17 5 Y- AHWF:IT D2015F 15240 }%“ﬁf’ﬂjﬁ FI
B 120157 35 18!

Received: May 17, 2014; First Revision: Jan. 24, 2015; Accepted: Mar. 18,
2015

*k

* 41 o



HAGEEIZMET 865 1 - 2015445

Journal of Futures and Options'

Contents
1. Introduction IV. Data, Estimation Results, Hedg-
II. The Multiple Random Coeft- ing Effectiveness and Robust-
icient Autoregressive Regime ness Analysis

Switching (MRCARRS) Model V. Conclusions
III. Minimum Variance Hedge
Ratio (MVHR) and Measure-

ments of Hedging Performance

o 42 o



The Cross Hedging Effectiveness of Oil Futures for
" Non-energy Commodities under Regime Switching

i =

ASCHRY — (B e o T R i e Bt R TS e
BT SR K Y I R TR ST e R I - B
J % & R S BB T AR AHOBRAL(MRCARRS) e F
(IR e 38 M PR e A BTG S e TR A
/jj< =) %;@7}% — {[ﬁ@‘ %%‘{Zfﬁ ﬁjl#%%}?{’MRCARRS (PRCARRS)
TS BRI -

E BT T R A U B PE SR 557 - MRCARRS
BiPRCARRS B K 5 (B 180N - ARgRDiebold » Mariano
B West (DMW) i S B - 4 B 34N 7B %
T A E— AR TR R BT S B R E IR
Mo fedh  ABBUAK U R BB - B R
(MRCARRSZBPRCARRS)EDMWk SHpre BH % F i BT A&
B AR (RRCARRSERAL BRI i M i i R
ﬁ o

BRI 5T AR LA G SRR @
G RW B R N RE &

o 43 o



HAGEEIZMET 865 1 - 2015445

Journal of Futures and Options'

Abstract

This paper suggests a cross hedging strategy for managing
non-energy commodity price risk using both crude oil futures
and corresponded non-energy commodity futures. We apply mul-
tiple random coefficient autoregressive Markov regime switching
models (MRCARRS) for simultaneously estimating the optimal
hedge ratios of crude oil futures and non-energy commodity fu-
tures. We also envision a more parsimonious partial switching
version of MRCARRS (PRCARRS) for multiple futures hedging.

Empirical results show that either MRCARRS or PRCARRS
is the best performer for all commodities considered. According
to the Diebold, Mariano and West (DMW) test statistics, the
hedging performance of the multiple futures ordinary least
square (MOLS) is statistically no worse than the single futures
ordinary least square (OLS). This justifies the superiority of mul-
tiple futures hedging over single futures hedging. Moreover, all
DMW statistics are positive for the best performer (MRCARRS or
PRCARRS) over competing hedging strategies indicating that
multivariate state-dependent RCARRS models have a tendency to
outperform state-independent and static hedging models.

Keywords: Markov Regime Switching, Random Coefficient Autore-

gressive Model, Cross Hedging, Crude Oil Futures,
Non-energy Commodities
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I. Introduction

Crude oil is arguably the world’s most important and actively-
traded commodity and has a significant influence to most sectors of
most economies because oil price shocks significantly affect real eco-
nomic variables. A number of studies have investigated the effects of
oil prices changes on real economic variables (Hutchison, 1993; Ham-
ilton, 2003; Kilian, 2008; Gohin and Chantret, 2010). Other studies
investigate the volatility transmission between crude oil market and
equity markets (Geman and Kharoubi, 2008; Aloui and Jammazi,
2009; Gogineni, 2010; Jawadia et al., 2010; Arouri et al., 2011), the
interactions between the crude oil market and other energy markets
(Haigh and Holt, 2002; Ewing et al., 2002; Chen et al., 2005; Chang et
al., 2010), and the comovement of crude oil market and exchange rate
markets (Zhang et al., 2008; Harri et al., 2009). While there are a large
body of studies investigates the volatility transmission in financial and
energy markets, studies on the information content of crude oil and
non-energy commodity markets are relatively few (Gohin and
Chantret, 2010; Du et al., 2011; Serra, 2011; Ji and Fan, 2012). Fur-
thermore, the literature on the effect of incorporating crude oil futures
with non-energy commodity futures for hedging non-energy commod-
ity holdings is also limited (Wu et al., 2011).

Due to increased use of biofuels in recent year, the comovement
between the oil market and the agriculture market has become closer
(Wu et al., 2011; Du et al., 2011). Du et al. (2011) find evidence of
increasing volatility spillover among crude oil, corn, and wheat mar-

kets in recent year and conclude that the spillover is largely explained
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by tightened interdependence between crude oil and corn and wheat
markets induced by ethanol production. Thus, the incremental gain of
hedging non-energy commodity with both corresponded non-energy
commodity futures and crude oil futures is worth further investigation.
Wu et al. (2011) apply a trivariate BEKK-GARCH model to study the
volatility spillover effects and cross hedging in corn and crude oil fu-
tures. Results find evidence of significant spillovers from crude oil
prices to corn cash and futures prices, and based on this strong volatil-
ity link between crude oil and corn prices, Wu et al. suggest a cross
hedging strategy that uses both corn futures and crude oil futures to
hedge the underlying corn spot holdings and find only slightly better
hedging performance compared with traditional hedging in corn fu-
tures markets alone. Wu et al.’s findings, however, are based on the
assumption that the state of the market conditions do not change over
time.

In a series paper of Sarno and Valente (2000, 2005a, 2005b), the
joint distribution between spot and futures returns has been justified to
be affected by the “state of the market”. Alizadeh and Nomikos (2004)
pioneers the study of using regime switching model for implementing
hedging strategy. The rationale behind this stems from the fact that the
joint distribution between spot and futures returns may be character-
ized by regime shifts, which, in turn, suggests that in order to improve
the futures hedging effectiveness, we might have to take account of
this state-dependent property in estimating more efficient regime
switching hedge ratios. In this line of research, a variety of more so-
phisticated regime switching models have been proposed to investigate

the effects of regime switching on futures hedging (Lee et al., 2006;
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Lee and Yoder, 2007; Alizadeh et al., 2008; Lee, 2009; Lee, 2010).
Empirical evidence shows that incorporating regime switching effects
improve futures hedging effectiveness. All of these models, however,
are implemented for single futures hedging strategy. In this paper, we
attempt to investigate the incremental gain of hedging non-energy
commodity with both corresponded non-energy commodity futures
and crude oil futures under regime switching.

Two general approaches have been applied to estimate the time-
varying minimum variance hedge ratios (Lee et al., 2006). One ap-
proach is to estimate the hedge ratios by estimating the conditional
second moments via a variety of GARCH models (Baillie and Myers,
1991; Kroner and Sultan, 1993; Gagnon and Lypny, 1995; Brooks et
al., 2002; Lee and Yoder, 2007; Alizadeh et al., 2008; Lee, 2009; Lee,
2010, Wu et al., 2011). The other general approach treats the hedge
ratio as a time varying coefficient and estimates the coefficient directly
(Bera et al., 1997; Alizadeh and Nomikos, 2004; Lee et al., 2006). In
this paper, we suggest a multiple random coefficient autoregressive
Markov regime switching models (MRCARRS) model to investigate
the effectiveness of crude oil futures and non-energy commodity fu-
tures for hedging non-energy commodity price risk under regime
switching.

There are two main reasons that we apply MRCARRS for multiple
futures hedging. First, MRCARRS encompasses many observed time
series properties of hedge ratio dynamic and nests within it many pre-
vious hedging models. MRCARRS models the equilibrium time path of
multiple hedge ratios simultaneously and also allows the hedge ratios

to be dependent upon the state of the market. It nests the state inde-
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pendent multiple random coefficient autoregressive (MRCAR) model,
the partial switching MRCARRS model (PRCARRS) and the traditional
multiple ordinary least square hedging strategy (MOLS). Second, so
far in this line of research, most of the existing regime-switching
GARCH hedging models are bivariate because a full-switching trivari-
ate regime switching GARCH model using both corresponded non-
energy commodity futures and crude oil futures for hedging underly-
ing spot might be subject to problems of overparameter and conver-
gence (Hass et. al., 2004). A regime switching time-varying coefficient
model like MRCARRS is relatively more parsimonious to implement
than trivariate state-dependent GARCH models.

The remainder of the article is organized as follows. The multiple
random coefficient autoregressive Markov regime switching
(MRCARRS) model for multiple futures hedging is presented in section
II. Section III gives minimum variance hedge ratio (MVHR) and
measurements of hedging performance. This is followed by discus-

sions of empirical results. A conclusion ends the article.

II. The Multiple Random Coefficient Autore-
gressive Regime Switching (MRCARRYS)
Model

The random coefficient autoregressive Markov regime switching
(RCARRS) model is proposed by Lee et al. (2006) for single futures
hedging strategy. In this paper, we further extend the model to multi-
ple futures hedging strategy and the model is called the multiple ran-
dom coefficient autoregressive Markov regime switching (MRCARRS)

o 48 o



The Cross Hedging Effectiveness of Oil Futures for

" Non-energy Commodities under Regime Switching

model. MRCARRS not only conditions the multiple hedge ratios on the
state of market volatility but also characterizes the equilibrium time
path of the multiple hedge ratios. In MRCARRS, we allow both the
hedge ratios of oil futures and non-energy commodity futures to fol-
low a regime switching random coefficient autoregressive process.

The model is specified as

Rc,t = as, + IBtRf,z + ]/tRo,t + gt,s, 2 (1)

where R, R,, and R , are the spot (cash) returns, futures returns

i
and oil futuresf returns for time period t, respectively, and €, are
independent and identically distributed (iid) random disturbances with
mean zero and variance of’S[. The unobserved state variable, S,, fol-
lows a two-state, first-order Markov-switching process, with the fol-

lowing transition probabilities:

pls, =115 =1)=p =" iii)p(;) y 2)
_ oy exnlg,) | 3)
pls, =2s.,=2)=¢ T+ explgy)

where p, and ¢, are unconstrained parameters estimated along

with unknown system parameters. The hedge ratios S and y, are

treated as latent variables following mean reverting processes given by

(ﬁr - E) = ¢/3v5‘/ (ﬁz—l - E) + vt,xl > (4)

o 49 o



HAGEEIZMET 865 1 - 2015445

Journal of Futures and Options'

(}/t _B)=¢y,s/ (J/t—l _}7)+ut,sl : (5)

The state-dependent disturbances ¢, , v, and u, ~are as-

1,5,

sumed to be jointly normally distributed given by

gt,.\' o-Ez,A' O 0 6
v, |~N0| 0 ol 0 | (6)
u 0 0 o’

1,8, u,s,

where 0 is a 3x1 zero vector. To estimate the MRCARRS model
with Kim’s filter (Kim, 1994), we have to convert MRCARRS into a
standard state space form. We first replace the latent variables f and
y, with §,=B,-p and 7, =y, -7, respectively and rewrite equa-

tions (1), (4) and (5) respectively as

Rc,t = Ws, + RF,tat + gt,s, 4 (7)

where w, =a, + BR L FT R, Ry, = [R ” ROJ] is tl,le futures returns
vector and the vector of latent variables & =[d, z,| has an error co-
variance matrix denoted as M with “ ” standing for transpose. The

dynamic of latent variables §, and z, are given by

5t = ¢ﬂ,s, 51—1 + vt,s, 2 (8)

z-t = ¢y,s, Tt—l tu

s ©)

Equation (7), (8) and (9) constitute our MRCARRS model in state
space form. Compared to Lee et al.’s (2006) hedging model, this hedg-
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ing model allows all parameters to be state-dependent and it contains
multiple futures contracts. MRCARRS is estimated with Kim’s filter,
an interleaving filter of Kalman filter and the Hamilton filter." The
estimation procedure can be summarized as follows. In the first step,
run the Kalman filter given in equations (10)-(15) for 7, j =1,2:

Prediction equations:

6(;\21 = (pj 6l.t—l\r-l (10)
M/ =g, M, 0, +6, (11)
2
where ¢ - % 0| and o =|%w 0|
Lo 9, Yoo oy

Updating equations:

(.)) = W — § )
ﬂt\ 1 T Rc,t w; RF,t6 1| t-1 (12)
ij) — i
S{ =R, MY/ R e + 07 (13)
A A ’
@0 — §G.0) () ()R PN ()]
61\1 _at\t-l+Mt\t-1R F’t(ft\t—l) e (14)

To estimate the proposed MRCARRS model, Kim’s filter is applied to ex-
tract the latent hedge ratio sequence and regime probability simultaneously
for completing the likelihood function. Kim’s filter (Kim, 1994) is an inter-
leaving filter of Kalman filter and the Hamilton filter. Kalman filter is ap-
plied to extract the latent hedge ratio sequence and Hamilton filter is ap-
plied to extract the regime probability.
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Mil‘t/) — [I -M%) R Fa (f(i,./') R M) (15)

t| -1 i -1 F,t] t| 11

where T is a 2x2 identity matrix, S(;i{‘)z—l is the estimate of §,
and S(t’"*["_)l is a prior estimate of &, based on information up to time
t—1,given s =i and s = ;. M/, is the error covariance matrix
of 6(;‘"{}1, n(r’"’ﬂr’_)l is the conditional forecast error of R _,, and ff(\i}ﬂ) is
the conditional variance of the forecast error 7,0 based on the in-
formation up to time ¢—1 given s, =i and s, = ;.

The second step of Kim’s filter is to calculate the regime prob-
abilities P(s,_,|y,) and P(s, | y,) via Hamilton filter (Hamilton,

1989; Hamilton and Susmel, 1994) with the following steps:

Calculate P( st‘ v, ) :

P(st =j’st—1 =i‘Wt—1)=P(St :j‘st—l =i)P(st—1 =i‘ \Vt—l) (16)

P(st = J‘ Wt—l)zélp(st =J‘ St =i)P(Sr—l =i‘ \Vt—l) (17)

Calculate f( Rs’t‘ v, ):

f(Rc,t‘ S, = )58 =i’\Vt—l)

1 1
=(2n) 2 ) exp(—%n(i’” ()10 () J (18)

t| =14 ¢]1-1 n1\1—1

(i, ])
f1 [ £-1

2 2 . . . .
ARy woi)= 22 7R s = dosa =i ) Pls = sa=ilv) - (19)
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Update P( st‘ \v,):

R =7 =7
PCs, = fusy =il = LBt = S =1 ]Yin) (20)
SR |¥.)
— f(Rc,t S, =j7st-1 =ial//t—1)P(st =j7st—1 =i‘ l//t—l) (21)
f(Re,t l//t—l)
. 2 . .
P(S,ZJ‘Wt)Z[ElP(S,ZJ,S,_lZZ‘\Vt), (22)

where W, and W, refer to the information available at time ¢ and

t—1, respectively. The Hamilton filter is initiated with the steady-
state probabilities of s, give by

1-
P(S0=1‘l//0)=ﬁ’ (23)

1-
P(so=2\wo)=—2_p’iq: (24)

where p and g are defined in equation (2) and (3). The recursive

nature of the regime switching Kalman filter (Kim’s filter) produces a
2-fold increase in the number of cases to consider in each iteration of
the filtering process that makes the model intractable. To make the
evolution of the process tractable, in the third step of Kim’s filter, we

collapse (14) and (15) based on conditional expectations to mitigate
parameter proliferation. In particular, §/, and M{"t are defined by

it
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52 P =is = 8(”’
s i 05

e P(St_j‘\llt

P =i =] w) [M(\f”( -5 J6 - H(26)
P(s, = jlv,)

M] —

1

The vector S-i‘t =[‘§4f ris the estimate of §, based on in-

ft\t
formation up to time ¢, given s, = ; and M;j\t is the error covari-
ance matrix of 3{‘[ based on information up to time ¢, given
s, =].

The unknown parameters in MRCARRS with multlple futures

contracts are @ ={p,, q,, a, g,sl, By, » B, O'V’S/, G, 7>

o } for s, = {1,2}, which can be estimated by maximizing the fol-

lowing log-likelihood function with respect to the unknown parame-

ters:
0)=Slog /(& |v,,): 27)

where T is the total number of observations and f (Rw |\4/H) is de-
fined in (19).
Since our original attempt is to estimate ,bA’t‘t and o We have to

recover these estimates from the extracted 5[‘t and ft‘t as follows:

A

Bl =ElB | s, =i, = jw]=8],+B. (28)
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j}tj“t=EA[7/t‘St—1=iﬂst=jal//t]=ftj‘.t+}%’ (29)

and the estimates of expected optimal hedge ratios for non-energy

commodity futures and crude oil futures are respectively given by
(30)

By, =B, Ps, =1|w)+ B P(s, =2|y,)
(1)

7y =7 PG, =1 W)+ 775, P(s, =2|y.)

The out-of-sample one-step-ahead hedge ratios can be calculated

as the weighted average of one-step-ahead forecasts of S, and p, at
time -1 for j=12. The one-step-ahead forecasts of g and y, at

time ¢—1 are respectively defined as
(32)

ﬁ{\t-l :E[ﬂt‘st—l :i’l//t—l]zé’::‘g_1+1§’
(33)

7??‘ t-1 = E[yt ‘ St—l = i’ y/t—l]z Z’:f‘ -1 + }7 .
The one-step-ahead forecasts of hedge ratios can then be calcu-

lated as
B:\ -1 ZBII\ HP(SH :1‘ Wt—l)"’Bi HP(SH = 2‘ V) (34)
(35)

A K

}/[‘ -1 = j}l[‘ [71P(Stfl =1‘ l//tfl)+ y?‘lp(slfl = 2‘ l//tfl)'

MRCARRS is a full switching model such that all system parame-
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ters are subject to regime shifting. Lee et al. (2006) find that a partial
switching model might has superior out-of-sample hedging perform-
ance compared to its full switching counterpart. In this paper we also
envision a partial switching MRCARRS model such that all system pa-
rameters in the transition equations are state independent. The partial
switching MRCARRS model is denoted as PRCARRS.?

In this paper, we compare the hedging performance of MRCARRS
with its nested models, the state independent multiple random coeffi-
cient autoregressive (MRCAR) model and the partial switching
MRCARRS model (PRCARRS). In additions, the hedging performance
of MRCARRS is also compared with the conventional ordinary least
square hedging strategy (OLS) using only the corresponded non-
energy commodity futures and the multiple regression hedging strat-
egy (MOLS) using both corresponded non-energy commodity futures

and crude oil futures.

III. Minimum Variance Hedge Ratio (MVHR)
and Measurements of Hedging Performance

A risk-minimized hedger chooses a hedging strategy to minimize

In the partial switching MRCARRS model (PRCARRS), all system parame-
ters in the transition equation are state independent. Namely,
B, ~-B)=0; (B ~P)+v, and (¥, =B)=¢, (¥, —¥)+u,- Only those pa-
rameters in the measurement equation are subject to regime switching. If
we further make all system parameters in the measurement equation to be
state independent, we have the multiple random coefficient autoregressive
(MRCAR) model (Bera et al., 1997). Both MRCAR and PRCARRS models
are nested within the MRCARRS model.
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the variance of the hedged portfolio return or equivalently to maximize
the variance reduction of a hedging strategy compared to the unhedged
position. The variance of the hedged portfolio with multiple futures

contracts is equal to
varlR, - BR,, - 7'R,,): (36)

where A3’ and §' are respectively the estimated hedge ratios of cor-

responded non-energy commodity futures and crude oil futures derived
from alternative models. The percentage variance reduction (hedging

effectiveness, HE) is defined as

HE — Var(Rz‘,t )_ Var(Rz‘,t - B:R_/',t - j}):Ro,t )X 1 00 , (3 7)
Var(RC,, )

In addition to variance reduction, we also consider the economic
significance of the superiority of MRCARRS over alternative models
measured with utility functions. Consider a hedger with a mean-
variance expected utility function (Kroner and Sultan, 1993; Lafuente
and Novales, 2003; Alizadeh and Nomikos, 2004; and Lee et al., 2006,
2010):

EU(R, v, =ER,, 1w, |- xvar(R,, 1w,.,). (38)

where x is the coefficient of absolute risk aversion, E stands for
expectation operator and R, is the return of hedged portfolio.

To further investigate the statistical significance of the superiority
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of MRCARRS, Diebold and Mariano (1995) and West (1996) (DMW)
test statistics are applied. To construct the DMW statistic, let
do=f0, )= f(vpn)> Where g=nN- iﬁm , R denotes the length of

t=R+1
estimation period, N is the length of the prediction period, 7 is the
sample size, [ is the square error loss function and

VA,t = Rc,t _IBZ,tRf,t - y:;rRo,t and Vp, = Rc,t _ﬂ;,tRf,r - y;tRa,t : ﬂj\,t and
77;;[ are respectively the hedge ratios of corresponded non-energy

commodity futures and crude oil futures estimated from model A and
B;J and 7, are respectively the hedge ratios of corresponded non-

energy commodity futures and crude oil futures estimated from model
B. The DMW test statistic is computed as follows,

pmw =—24__, (39)
NV

where 7 _ i(a‘;m_ g)z. For nested model, the critical values of
t=R+1
DMW test have to be adjusted to produce correct tests (McCracken,

2007). The test is one-sided with the null hypothesis that the predictive

ability of model A is not superior to model B which is given by
Ho = E[f(VB,tH )_ f(VA,tH )] <0, (40)
while the alternative is

H,= EU(VB,I+1)_f(VA,I+1 )] >0. (41)
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Rejection of the null hypothesis implies that the predictive ability

of model A is superior to model B.

IV. Data, Estimation Results, Hedging Effective-
ness and Robustness Analysis

The proposed multiple futures cross hedging strategy is applied to
nearby futures contracts of crude oil, platinum and palladium traded in
the New York Mercantile Exchange (NYMEX), corn and wheat traded
in the Chicago Board of Trade (CBOT) and coffee and sugar traded in
the New York Board of Trade (NYBOT) for the period of January
1996 to December 2010. Spot and futures prices are Wednesday prices
obtained from Datastream. The returns of each price series are com-
puted as the changes in the natural logarithms of prices multiplied by
100. Estimation of all models was conducted using data from January
1996 to December 2008; the remaining data are used for out-of-sample
analysis.

Table 1 summarize the estimation procedure for MRCARRS. The
original model is transformed into standard state-space form to apply
Kim’s filter for estimation and then converted to original form for es-
timating hedge ratios of corresponded non-energy commodity futures
and crude oil futures contracts. Table 2 presents the parameter estima-
tion results of MRCAR, PRCARRS and MRCARRS models. We derive
these results by maximizing the log-likelihood function in equation
(27) with respect to the unknown parameters using the numerical con-
strained optimization (CO) procedure in GAUSS. From the measure-

ment equation we find that most of the conditional means (¢ ) are not
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significant. This simply shows the fact that hedged portfolio normally
has a mean return close to zero. For those statistically significant con-
ditional means, we find that high volatility state (high ¢, ) normally
associates with a negative conditional mean and low volatility state
normally associates with a positive conditional mean. This implies that
during the market turmoil the mean returns on hedged portfolio tend to
be negative and when the market is relatively tranquil, the mean re-
turns on hedged portfolio tend to be positive. In the transition equa-
tion, B and 7 stand for the steady state hedge ratios of corre-
sponded non-energy commodity futures and crude oil futures, respec-
tively. The steady state hedge ratio of corresponded non-energy com-
modity futures has a highest value of 0.994 for the case of corn esti-
mated with MRCARRS and the steady state hedge ratio for crude oil
futures has a highest value of 0.035 for sugar estimated with MRCAR.
[ is consistently higher than 7 due to the higher correlation be-
tween corresponded non-energy commodity futures and its underlying.
The volatility in the transition equations shows the flexibility of hedge
ratios. Hedge ratio with higher volatility in the transition equations
shows larger range of fluctuation. In general, we find that the volatility
in the transition equations of corresponded non-energy commodity
futures is consistently higher than that of crude oil futures. This im-
plies that the hedge ratio of corresponded non-energy commodity fu-
tures is more volatile than the hedge ratio of crude oil futures.

In- and out-of-sample hedging effectiveness of alternative models
are shown in Table 3. Take coffee data for instance, in-sample, the
unhedged cash position has a variance of 14.049. If we use OLS hedg-
ing strategy, the variance of hedged portfolio has a variance of 6.442
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or a variance reduction of 54.15% compared to unhedged position. If
we adopt MOLS hedging strategy with both coffee futures and crude
oil futures, the variance of the hedged portfolio return is equal to 6.437
or the variance reduction is equal to 54.18%. Both OLS and MOLS
hedging are static hedging. If we adopt MRCAR hedging, the hedge
ratio will be time-varying and hedgers can rebalance their positions
based on the predicted hedge ratios for coffee futures and crude oil
futures. The variance of the hedged portfolio return is equal to 6.600
or the variance reduction is equal to 53.02% if we use MRCAR hedg-
ing. Time-varying MRCAR hedging strategy does not create hedging
gains for the case of coffee. If we adopt partial switching PRCARRS
hedging strategy which limits only the measurement equation to be to
be state dependent, the variance of the hedged portfolio return is equal
to 5.866 or the variance reduction is equal to 58.24%. PRCARRS hedg-
ing strategy is superior to both static OLS and MOLS and the time-
varying MRCAR hedging strategies.

The best in-sample performer for the case of coffee is the full
switching MRCARRS which allows both measurement equation and
transition equation to be state-dependent. MRCARRS has a hedged
portfolio variance of 5.798 or a variance reduction of 58.73%. The im-
provements of the best performer (MRCARRS) over other hedging
models are reported in Table 3. MRCARRS has a largest improvement
of 5.70% for the case of MRCAR and has a smallest improvement of
0.48% for the case of PRCARRS. MRCARRS has the best in-sample
hedging performance for coffee, sugar and platinum. As for wheat and
corn data, the best in-sample performer is PRCARRS. MRCAR is the

best performer for the case of palladium. In general, we find that a re-
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gime switching time-varying cross hedging strategy exhibits superior
in-sample hedging effectiveness.

Since active hedgers are likely to be more concerned about the
out-of-sample future hedging performance, out-of-sample hedging ex-
ercises are also performed to justify the superiority of regime-
switching time-varying cross hedging models. We find that MOLS is
superior to OLS for wheat, coffee, sugar and palladium but inferior to
OLS for corn and platinum. If we allow the hedge ratio to be time-
varying and use MRCAR hedging strategy, we find that MRCAR is su-
perior to static hedging for corn, coffee, sugar and platinum but not for
wheat and palladium. MRCAR has the worst out-of-sample perform-
ance for the case of wheat. Allowing the hedge ratio to be time-
varying does not always improve the hedging performance. If we fur-
ther take account of the regime switching effect and adopt the
MRCARRS hedging, MRCARRS is the best performer for corn, coffee,
platinum and palladium and is only second to PRCARRS for sugar.
MRCARRS does not show superior performance in the case of wheat.
However, for the case of wheat, PRCARRS is the best performer.
Overall, we find that regime switching time-varying model with multi-
ple futures contracts (either MRCARRS or PRCARRS) exhibits supe-

rior out-of-sample hedging perforrnance.3

The correlation between crude oil futures and the underlying wheat, corn,
coffee, sugar, platinum and palladium are equal to 0.118, 0.175, 0.120,
0.222, 0.260 and 0.151, respectively. The percentage variance reductions
estimated with MRCARRS for wheat, corn, coffee, sugar, platinum and pal-
ladium are equal to 74.51%, 85.50%, 90.02%, 95.22%, 90.00% and
88.11%, respectively. Higher correlation might have a tendency for higher
percentage variance reductions but the relationship is not monotonic. In
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The economic value of the proposed regime switching time-
varying hedging strategy is also justified by calculating the utility
gains. Following other empirical studies (Kroner and Sultan, 1993;
Lafuente and Novales, 2003; Alizadeh and Nomikos, 2004; Lee et al.,
2006, 2010) we assume that a hedger has an expected utility function
given by equation (38) with degree of risk aversion x =4. Table 3
reports the hedged portfolio returns for each hedging strategy and the
utility gains of best performer over alternative models. Again, after
taking account of the hedged portfolio return, MRCARRS has the high-
est utility for the case of corn, coffee, platinum, and palladium and
PRCARRS has the highest utility for the case of wheat and sugar. This
is consistent with the results should we use the performance measure-
ment of percentage variance reduction. Hedgers will find hedging
benefits by adopting regime-switching time-varying multiple futures
hedging strategies.

To further take into account of transaction costs, following the

convention in the line of hedging literature, we discuss the effect of

fact, hedge ratio is a complex function of conditional correlation, condi-
tional volatility and predicted regime probabilities and can be shown as

g5 =P x COVS,:I(VO’rS) Vars,:l(rF) - COVS,:I(VF’FS)COVS,:I(FO’FF)

e e Var, _(ro)Var, _(r;) =[Cov, (7, er)]2

(I—P ) COVX[:2(VO,VS)VCI7’;/:2(VF)—COVS’:Z(VF,VS)COVS,:Z(VO,VF)
bt Var, _,(rp)Var, _, (1) =[Cov, _,(1y,77, 7T
where B> To» ¥s and 7r are respectively the predicted regime prob-

abilities, returns on crude oil futures, underlying commodity spot and cor-
responded commodity futures. The hedging performance is not determined
solely by the correlation and whether a model has superior hedging per-
formance is an empirically issue.
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transaction costs on hedging performance with utility gains. In Table
3, taking corn for instance, the average weekly out-of-sample returns
from hedge portfolio for OLS and MRCARRS hedging are respectively
equal to 0.054 and 0.037 and the average weekly out-of-sample vari-
ance of the returns from hedge portfolio for OLS and MRCARRS hedg-
ing are respectively equal to 3.862 and 3.746. Based on equation (38),
if an investor uses the OLS method for hedging, he obtains an average
weekly utility of U(R,,)=0.054-4(3.862) =—15.394. With MRCARRS,
the investor obtains an  average weekly utility of
U(R,,)=0.037-4(3.746) = —14.947 . Compared with the static OLS hedg-
ing, the time-varying hedging strategy MRCARRS requires frequent
portfolio rebalancing. Taking account of the transaction cost y from
portfolio rebalancing, the hedger’s net benefit from using MRCARRS
hedging over OLS hedging is 0.446—y. This implies that MRCARRS
hedging strategy is preferred to the OLS hedging strategy if y<0.446
(in percentage). Since the typical round trip transaction cost is around
0.02% to 0.04% (Lee et. al., 2006) for one futures contract (use only
corresponded non-energy commodity futures) and therefore around
0.04% to 0.08% for two futures contracts (use both energy futures and
corresponded non-energy commodity futures), the transaction costs are
far less than 0.446%. As a consequence, an investor with mean-
variance expected utility function would benefit from using MRCARRS
hedging method, even after taking transaction costs into consideration.
As shown in Table 3, the best RCARRS model (either full switching
MRCARRS or partial switching PRCARRS) has a utility gain larger
than 0.08% over both static OLS and MOLS hedging strategies. This

shows that state-dependent dynamic hedging models outperform static
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models even after taking into account of transaction costs.

To test the statistical significance of the superiority of the regime-
switching time-varying multiple futures hedging strategies, we per-
form Diebold and Mariano (1995) and West (1996) (DMW) test with
adjusted critical values reported by McCracken (2007) shown in Table
4. We show that static multiple futures hedging (MOLS) statistically
create hedging gains compared to static single futures hedging (OLS)
for wheat and coffee at the 5% level. Although MOLS is inferior to
OLS for corn and platinum, the DMW statistic is insignificant at con-
ventional level. Overall, the hedging performance of MOLS is no
worse than OLS. The best out-of-sample performers are PRCARRS for
wheat and sugar and MRCARRS for corn, coffee, platinum and palla-
dium. Although not all test statistics are significant, all of them are
positive. All test statistics are positive indicating that MRCARRS and
PRCARRS have a tendency to outperform other hedging models.*

Figures 1 through 5 exhibit various characteristics of the alterna-
tive estimated models. To save space, we only illustrate figures for
wheat. Figure 1 and figure 2 compare the hedge ratios of MOLS and
PRCARRS for wheat futures and crude oil futures, respectively. The
conditional hedge ratios estimated from PRCARRS are very volatile
and this shows the necessity of rebalancing hedged portfolio with dy-
namic hedging strategies to minimize the risk of hedged portfolio.
Figure 3 and figure 4 show respectively the hedge ratios of MOLS and
MRCARRS for wheat futures and crude oil futures. The hedge ratios

Adding other safe haven and hedging asset, say gold futures, might further
improve the hedging performance. We leave this for future study and we
thank an anonymous reviewer for this constructive suggestion.
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estimated with MRCARRS is ranged from 0.321 to 1.322 for corre-
sponded non-energy commodity futures and is ranged from —0.151 to
0.189 for crude oil futures. The range for the hedge ratio of corre-
sponded non-energy commodity futures is equal to 1.001 and the range
for the hedge ratio of crude oil futures is equal to 0.340. This is consis-
tent with the finding that the volatility in the transition equations of
corresponded non-energy commodity futures is higher than that of
crude oil futures. Figure 5 shows the MRCARRS estimates of hedge

ratios which fluctuate between 0 and 1.

V. Conclusions

The focus of this article has been investigating the cross hedging
effectiveness of crude oil futures for non-energy commodity holdings
with multiple random coefficient autoregressive Markov regime
switching models. We consider both the full switching multiple ran-
dom coefficient autoregressive model (MRCARRS) and partial switch-
ing multiple random coefficient autoregressive model (PRCARRS) for
simultaneously estimating the optimal hedge ratios of crude oil futures
and non-energy commodity futures. MRCARRS and PRCARRS are
more parsimonious than trivariate regime switching GARCH models
in constructing the regime-switching time-varying multiple futures
hedging strategies. We attempt to investigate if multiple futures cross
hedging strategy is superior to conventional single futures hedging
strategy? We also investigate if further taking account of the regime
switching effect improves the hedging effectiveness of multiple fu-

tures cross hedging strategy.
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Empirical results reveal that in general, multiple futures cross
hedging strategy is superior to single futures hedging strategy both in-
and out-of sample. According to the Diebold, Mariano and West
(DMW) test statistics, the hedging performance of the multiple futures
ordinary least square hedging strategy (MOLS) is statistically no worse
than the single futures ordinary least square hedging strategy (OLS).
This justifies the superiority of multiple futures hedging over single
futures hedging. Results also show that MRCARRS is the best in-
sample hedging strategy for coffee, sugar and platinum and PRCARRS
is the best in-sample performers for wheat and corn. Out-of-sample,
the best performers are MRCARRS for corn, coffee, platinum and pal-
ladium and PRCARRS for wheat and sugar. Generally speaking, either
MRCARRS or PRCARRS is the best performer for all commodities
considered. All DMW statistics are positive for the best performer
(MRCARRS or PRCARRS) over competing hedging strategies indicat-
ing that multivariate state-dependent RCARRS models have a tendency

to outperform state-dependent and static hedging models.
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Table 1 Summary of the Estimation Procedure of MRCARRS

MRCARRS Model

replace B, with 5[=ﬁ,—,§ and 1y,
with 7, =p,—y

Run Kim’s Filter to extract 5tj and rtj

Parameter Estimation

Recover S/ and y/

A

* A%
Estimates of hedge ratios ﬁt‘t and Vi

One-step-ahead forecast of hedge ratios

*® Ak
ﬁt\t—l and yt\t—l

R,=a, + ,BfRN +YR,, +E,
B =B)=0y, B =B +v,,
V=71=0, V=V tu,
R, = w, + R, + £,

S, =@ o, + Vi,

T,=¢, T tu,

w, =a, +PR,, +7R,,

1. Run Kalman Filter

2. Run Hamilton Filter

3. Approximation
Maximizing the log likelihood function in equation (27)
with respect to the unknown parameters

2 2 _
@z{po q, @, O ¢ﬁ-sf B O ¢7,S, vy O

s

A

/3{\,=5{\,+3’ j=12 LAY j=12
B, =By P(s, =1y + B}, P(s, =2|w,)
77;\,2}71,\,})(5;zl‘l//f)'*f/f\,P(Sf:Z‘I//,)

B =By P =1y )+ B L PCs, =2]w,)

Ak Al
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Table 2 Estimates of Unknown Parameters of Alternative Models Data Period is from January

1996 to December 2008

Wheat

Corn

Coffee

MRCAR PRCARRS MRCARRS

MRCAR PRCARRS MRCARRS

MRCAR PRCARRS MRCARRS

Measurement Equation

Measurement Equation

Measurement Equation

Po 1.222 1.224
(0.295)***! (0.309)***

9 1.733 1.767
(0.277)%** (0.306)%***

a, 0.041 0.030 0.056

0.087)  (0.138)  (0.085)

a, -0.026 -0.040

(0.092)  (0.134)

o, 1.999 1.171 1.101
(0.088)*** (0.102)*** (0.099)***

O 3.341 3.042

(0.216)*** (0.267)***

2.499 -0.333
(0.391)***  (0.580)
0.868 1.653
(0.473)*% (0.468)%***
0.075 -0.384 0.279
(0.068)  (0.314) (0.048)%**
0.234 -0.726
(0.045)%%% (0.385)**
1.454 2.990 0.652
(0.054)**% (0.274)**% (0.057)%***
0.639 2.820

(0.053)*** (0.363)***

3.672 5.244
(0.557)*** (0.986)***
4387 4.812
(0.601)**% (0.781)***
-0.041 0.035 0.214
0.091)  (0.065)  (0.182)
-0.163 0.101
(0.236)  (0.062)*
1.920 1.212 3.114
(0.073)*** (0.068)*** (0.151)***
3.544 0.934

(0.200)*** (0.066)***

Transition Equation

Transition Equation

Transition Equation

i 0.739 0.726 0.733
(0.028)*** (0.036)*** (0.026)***

7 0.004  0.009 0.009
(0.017)  (0.017)  (0.015)
95, 0.162 0.921 0.705
(0.146)  (0.054)*** (0.170)%**
Ppo 0213
(0.197)

0.949 0.965 0.994
(0.023)%*% (0.021)*** (0.022)%***
0.005 -0.009  -0.012
(0.012)  (0.009)  (0.010)
-0.003 0.099 0.043
(0.043)  (0.114)  (0.100)
0.118
(0.262)

0.581 0.662 0.729
(0.023)*** (0.136)*** (0.019)***

0.019 0.016 0.018
0.017)  (0.016)  (0.014)
0.011 0.994 1.002
(0.065)  (0.006)*** (0.008)***
0.151
(0.262)
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Table 2 (continued) Estimates of Unknown Parameters of Alternative Models

Wheat

Corn

Coffee

MRCAR PRCARRS MRCARRS

MRCAR PRCARRS MRCARRS

MRCAR PRCARRS MRCARRS

Transition Equation

Transition Equation

Transition Equation

Py -0.032 0.335 0.586 0.252 -0.394 1.144 0.121 -0.058 0.068
(0.084)  (0.212)* (0.313)** (3.401)  (0.860) (0.922)%*x* (0.609)  (0.149)  (0.128)

9. 0.969 0.660 0.387
(0.134)%** (0.153)%** (0.619)

o, 0.314 0.056 0.123 0.290 0.275 0.189 0.287 0.020 0.028
(0.043) *** (0.025)** (0.066)**  (0.024)*** (0.028)*** (0.066)***  (0.025)*** (0.007)***  (0.023)

o, 0.324 0.417 0.156
(0.091)%** (0.086)*** (0.028)%**

T, 0.001 0.000 0.000 0.000 0.023 0.000 0.000 0.072 0.000
0.025)  (0.068)  (0.025) (0.035)  (0.026)  (0.016) (0.051)  (0.024)***  (0.062)

o, 0.000 0.166 0.065
(0.045) (0.077)%*** (0.021)%***

1’ -1508.59 -1457.07 -1454.76 -1317.62  -1194.69 -1190.16 -1502.73 -1388.97 -1377.93
AIC®  3033.18 2938.14  2941.52 265124 241338 241232 3021.46 2801.94  2787.86
BIC® 307049 2994.10 3016.13 2688.55 2469.34  2486.93 3058.77 2857.90  2862.47

1.Figures in parentheses are standard errors and *, ** and *** indicate significance at the 10% level, 5% level and 1%

level, respectively.
2.LL stands for the log likelihood

3.The Akaike information criterion (AIC) statistic is defined as 4/C =2xk—2xIn(L) and the Bayesian information
criterion (BIC) is defined as BJC = -2xIn(L)+ kxIn(N), Where k is the number of parameters, L is the maximized
value of the likelihood function, and N is the sample size.
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Table 2 (continued) Estimates of Unknown Parameters of Alternative Models

Sugar

Platinum

Palladium

MRCAR PRCARRS MRCARRS

MRCAR PRCARRS MRCARRS

MRCAR PRCARRS MRCARRS

Measurement Equation

Measurement Equation

Measurement Equation

Po 1.810 1.605
(0.286)***! (0.282)%**

9 1.675 1.724
(0.300)*** (0.324)%**

o, 0.022 -0.032 0.051

(0.101)  (0.110)  (0.099)

o, 0.041 -0.098

0.067)  (0.228)

o, 2.197 3.386 0.969
(0.097)%*% (0.199)*** (0.121)***

O, 0.966 3.204

(0.099)**% (0.228)%**

3.100 1.215
(0.293)%*% (0.347)%**
1.318 2.909
(0.345)%%% (0.3]5)***
0.066 0.234 -0.007
(0.055)  (0.325)  (0.028)
0.006 0.292
(0.068)  (0.258)
1.237 3.276 0.646
(0.041)**% (0.303)*** (0.033)%**
0.656 2.416

(0.035)*** (0.208)***

3.155 1.135
(0.365)*** (0.438)%**
1.524 2.635
(0.516)*** (0.318)%**
0.004  -0.088 0.013
0.038)  (0.173)  (0.052)
0.029 -0.021
(0.064)  (0.114)
1.454 3.788 1.032
(0.066)*** (0.648)*** (0.079)%**
1.042 2.698

(0.080)*** (0.301)***

Transition Equation

Transition Equation

Transition Equation

B 0.815 0.861 0.927
(0.030)*** (0.036)*** (0.032)***

7 0.035 0.013 0.011

(0.023)*  (0.015)  (0.018)

Ppa 0.460 0.858 0.688
(0.271)%* (0.051)%** (0.185)%**

Py 0.924
(0.088)***

Py 0.459 0.033 0.230

(0.368)  (0.144)  (0.190)

0.843 0.890 0.903
(0.026)*** (0.017)*** (0.016)***
0.023 0.009 0.012
(0.01)**  (0.008)  (0.008)*
0.232 0.127 -0.174
(0.121)**  (0.083)* (0.056)***

0.807
(0.037)%*+
0.311 -1.108 1.216

(1.142)  (0.185)*** (0.259)***

0.891 0.887 0.908
(0.025)%*% (0.022)*** (0.017)***
20.002  -0.004  -0.017
(0.016)  (0.012)  (0.014)
0.156 0.377 -0.203
(0.080)** (0.142)*** (0.104)**

0.180
(0.183)
0.481 -0.133 2.597
(0.910)  (0.322)  (1.605)*
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Table 2 (continued) Estimates of Unknown Parameters of Alternative Models

Sugar Platinum Palladium
MRCAR PRCARRS MRCARRS MRCAR PRCARRS MRCARRS MRCAR PRCARRS MRCARRS
Transition Equation Transition Equation Transition Equation
;.2 -0.650 -0.491 0.987
(0.206)*** (0.214)** (0.068)***
O, 0.242 0.111 0.096 0.280 0.176 0.145 0.347 0.226 0.156
(0.066)*** (0.021)** (0.028)** (0.023)*** (0.024)*** (0.029)***  (0.023)*** (0.041)*** (0.025)***
0, 0.154 0.406 0.536
(0.050)*** (0.077)%*** (0.083)***
O 0.116 0.000 0.000 0.000 0.000 0.012 0.023 0.000 0.021
(0.046)***  (0.037) (0.032) (0.033) (0.014) (0.017) (0.062) (0.026)  (0.012)**
O 0.130 0.010 0.000
(0.103) (0.045) (0.049)
® -1570.30 -1497.36  -1491.04 -1193.71  -1027.43 -1006.96 -1398.25 -1335.27 -1322.04
AIC?  3156.60 3018.72  3014.08 2403.42 2078.86  2045.92 2812.50 2694.54  2676.08
BIC® 319391 3074.68 3088.69 2440.73  2134.82 2120.53 2849.81 2750.50 2750.69

1.Figures in parentheses are standard errors and *, ** and *** indicate significance at the 10% level, 5% level and 1%
level, respectively.

2.LL stands for the log likelihood.

3.The Akaike information criterion (AIC) statistic is defined as 4JC =2xk—-2xIn(L) and the Bayesian information
criterion (BIC) is defined as BIC = -2xIn(L) + k xIn(N), Where k is the number of parameters, L is the maximized
value of the likelihood function, and N is the sample size.
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Table 3 In- and Out-of-Sample Hedging Effectiveness of MRCARRS and Alternative Models.
Hedging Period Is from January 2009 to December 2010
In-Sample Out-of-Sample
Percent- Improvement Percent- Improvement
Variance of  age of the Best Variance of  age of the Best Utility Gain of
Hedged Variance Performer Hedged Variance Performer Hedged Expected the Best Per-
Portfolio  Reduc- over Alterna- Portfolio  Reduc- over Alterna- Portfolio Weekly  former over
Return tion' tives® Return tion' tives® Return  Utility>  Alternatives*
Wheat
Unhedged 16.438 26.010
OLS 5.665 65.54% 0.80% 6.604 74.61% 0.48% 0.008 -26.406 0.511
MOLS 5.664 65.54% 0.80% 6.583 74.69% 0.41% 0.006 -26.328 0.433
MRCAR 5.625 65.78% 0.56% 6.782 73.92% 1.17% 0.024 -27.106 1.210
PRCARRS 5.533 66.34% 6.478 75.10% 0.016 -25.896
MRCARRS 5.565 66.14% 0.20% 6.629 74.51% 0.58% 0.014 -26.503 0.607
Corn
Unhedged 17.757 25.842
OLS 3.693 79.20% 0.02% 3.862 85.06% 0.45% 0.054 -15.394 0.446
MOLS 3.691 79.21% 0.01% 3.869 85.03% 0.47% 0.050 -15.425 0.478
MRCAR 3.693 79.20% 0.03% 3.843 85.13% 0.38% 0.047 -15.326 0.379
PRCARRS 3.689 79.23% 3.789 85.34% 0.17% 0.045 -15.110 0.163
MRCARRS 3.723 79.03% 0.19% 3.746 85.50% 0.037 -14.947
Coffee
Unhedged 14.049 11.640
OLS 6.442 54.15% 4.58% 2.293 80.30% 9.72% 0.280 -8.890 4.340
MOLS 6.437 54.18% 4.55% 2.268 80.51% 9.51% 0.273 -8.800 4.250
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Table 3 (continued) In- and Out-of-Sample Hedging Effectiveness of MRCARRS and Alternative
Models. Hedging Period Is from January 2009 to December 2010
In-Sample Out-of-Sample
Percent- Improvement Percent- Improvement
Variance of  age of the Best Variance of  age of the Best Utility Gain of
Hedged Variance Performer Hedged Variance Performer Hedged Expected the Best Per-
Portfolio  Reduc- over Alterna- Portfolio  Reduc- over Alterna- Portfolio Weekly  former over
Return tion' tives® Return tion' tives® Return  Utility>  Alternatives*
Coffee
MRCAR 6.600 53.02% 5.70% 1.696 85.43% 4.59% 0214 -6.571 2.021
PRCARRS 5.866 58.24% 0.48% 1.193 89.75% 0.27% 0.090 -4.682 0.132
MRCARRS 5.798 58.73% 1.162 90.02% 0.096 -4.550
Sugar
Unhedged 20.791 36.351
OLS 11.460 44.88% 16.72% 8.054 77.84% 17.51% 0.357 -31.860 25.133
MOLS 11.217 46.05% 15.56% 7.972 78.07% 17.29% 0.300 -31.587 24.860
MRCAR 9.935 52.22% 9.39% 1.937 94.67% 0.69% 0.031 -7.718 0.991
PRCARRS 8.264 60.25% 1.35% 1.687 95.36% 0.023 -6.727
MRCARRS 7.983 61.61% 1.738 95.22% 0.14% -0.033 -6.984 0.257

1.Percentage variance reductions are calculated as the differences of variance of unhedged position and estimated vari-

ances of alterative models over variance of unhedged position multiplied by 100.

2.Improvement of the best performer over other hedging strategies is defined as the differences of the percentage variance
reduction of best performer and the percentage variance reduction of alternative models. The best out-of-sample per-

former is PRCARRS for wheat and sugar and is MRCARRS for corn, coffee, platinum and palladium.
3.Expected weekly utility is calculated based on equation (38).

4.Utility gains of best performer over other hedging strategies are defined as the differences of the expected utility of the

best performer and the expected utilities of alternative models.
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Table 3 (continued) In- and Out-of-Sample Hedging Effectiveness of MRCARRS and Alternative
Models. Hedging Period Is from January 2009 to December 2010

In-Sample Out-of-Sample
Percent- Improvement Percent- Improvement
Variance of age of the Best Variance of age of the Best Utility Gain of
Hedged Variance Performer Hedged Variance Performer Hedged Expected the Best
Portfolio  Reduc- over Alterna- Portfolio  Reduc- over Alterna- Portfolio Weekl&l Performer over
Return tion' tives® Return tion' tives® Return  Utility’ Alternatives*
Platinum
Unhedged 10.0559 13.0460
OLS 2.7890 72.27% 0.67% 1.4541 88.85% 1.14% 0.143 -5.673 0.544
MOLS 2.7741 72.41% 0.52% 1.4697 88.73% 1.26% 0.132 -5.747 0.619
MRCAR 2.7312 72.84% 0.09% 1.3809 89.42% 0.58% 0.110 -5.413 0.285
PRCARRS 2.8258 71.90% 1.03% 1.3148 89.92% 0.08% 0.093 -5.167 0.038
MRCARRS 2.7219 72.93% 1.3049 90.00% 0.091 -5.129
Palladium
Unhedged 26.6913 26.0367
OLS 5.9464 77.72% 0.65% 3.1932 87.74% 0.37% 0.179 -12.594 0.399
MOLS 5.9443 77.73% 0.65% 3.1728 87.81% 0.29% 0.184 -12.507 0.313
MRCAR 5.7716 78.38% 3.2293 87.60% 0.51% 0.184 -12.733 0.539
PRCARRS 5.8631 78.03% 0.34% 3.2595 87.48% 0.62% 0.202 -12.836 0.642
MRCARRS 5.8117 78.23% 0.15% 3.0970 88.11% 0.194 -12.194

1.Percentage variance reductions are calculated as the differences of variance of unhedged position and estimated vari-
ances of alterative models over variance of unhedged position multiplied by 100.

2.Improvement of the best performer over other hedging strategies is defined as the differences of the percentage variance
reduction of best performer and the percentage variance reduction of alternative models. The best out-of-sample per-
former is PRCARRS for wheat and sugar and is MRCARRS for corn, coffee, platinum and palladium.

3.Expected weekly utility is calculated based on equation (38).

4.Utility gains of best performer over other hedging strategies are defined as the differences of the expected utility of the
best performer and the expected utilities of alternative models.
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Table 4 Diebold-Mariano-West (DM W)2 Test Statistics of No Superiority of Best Performer over
Alternative Models. Hedging Period is from January 2009 to December 2010

Wheat Comn Coffee Sugar Platinum  Palladium
MOLS vs. OLS 1.816%*° -0.468 1.546** 0.432 -0.336 1.076
Best Performer' vs. OLS 0.609 1.058**  4.239%** 3 RIOe***  ].564%** 0.905**
Best Performer vs. MOLS 0.519 1.085%* 4.151***  3.856%**  1.600*** 0.713%*
Best Performer vs. RCAR 1.380** 0.953* 3.380%** 1.299* 0.788* 1.216%*
Best Performer vs. PRCARRS 0.457 0.910 0.248 1.089*
Best Performer vs. MRCARRS  0.978* 0.473

1.The best out-of-sample performer is PRCARRS for wheat and sugar and is MRCARRS for corn, coffee, silver and pal-
ladium.

2.The formula for DMW statistic is shown in equation (39) with the adjusted critical values for nested models tabulated in
McCracken (2007). The N/R ratio is 0.154 and the number of parameters to be estimated for MRCAR, PRCARRS and
MRCARRS are 8, 12 and 16, respectively. The critical values are tabulated for N/R=0.1 and 0.2, and we construct the
values for N/R=0.154 by interpolation.

3.%, ** and *** indicate significance at the 10% level, 5% level and 1% level, respectively.
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MOLS and PRCARRS Hedge Ratios for Wheat Futures
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Figure1 MOLS and PRCARRS Hedge Ratios for Wheat Futures

MOLS and PRCARRS Hedge Ratios for Crude Oil Futures
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Figure 2 MOLS and PRCARRS Hedge Ratios for Crude Oil Futures
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MOLS and MRCARRS Hedge Ratios for Wheat Futures
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Figure 3 MOLS and MRCARRS Hedge Ratios for Wheat Futures
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Figure 4 MOLS and MRCARRS Hedge Ratios for Crude Oil Futures
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Probabilities of being in State 1 Estimated from MRCARRS
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