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ABSTRACT

Essays on Pricing Behavioo Energy Commodities
(May 20L1)
Xiaoyan QinB.S, Xi 6 an Jniwareity ong U
M.A., Renmin University
M.S., The Pennsylvania State Univgys

Co-Chairs of Advisory Committee:Dr. David A. Bessler
Dr. David J. Leatham

This dissertation investigates the pricing behaviors of two major energy
commoditiesU.S. natural gas and crude oil, using times series mottedxamineghe
relatiorships between U.S. natural gasrige variatios and changes inmarket
fundamentals within awo-state Markowswitching framework.It is found that the
regimeswitching model does a better forecasting job in general than the linear
fundamental model without reginssvitching framework, eszially in the case of-1
stepahead forecast.

Studiesare conducted afhe dynamics between crude oil price and U.S. dollar
exchange rate Empirical tests are applied to both full sample (¥¥2610) and
subsample (20@ 2010) data. It is found that causglruns in both directions between
the oil and the dollar. Meanwhile, a theoretical-dountry partial dynamic portfolio

model is constructed to explain the dynamics between oil and dollar with special



attention tothe roles of China and Russia. It is smow t h a't emergence of
economy enhances the I|Iinkage between oill a
policy.

Further researcls dedicated tdhe role of speculation in crude oil and natural
gas markets. First a literature review on theory @catation is conducted. Empirical
studies on speculation in commodity markets are sexyavith special focus on energy
commodity market. To test the theory that speculation may affect commodity prices by
exaggerating the signals sdm market fundamenis this essay utilizes the forecast
errors from the first essay to investigate the forecasting ability of specdlatorset | on g
positions in the market. Limited evidence is provided to support the bubble theory in U.S.
natural gas market.

In conclusionthi s di ssertation explores both fur
in theU.S. natural gas and global crude oil markkts. found that market fundamentals
are the major driving foredor the two energy commoditiggice boomseen during the

past seval years.
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CHAPTER |

INTRODUCTION

The major purpose dhe dissertation is to investigate the pricing behaviors of
two major energy commoditied).S. natural gas and crude oil, using times series
models.Boom in commodity markets experienced during past several years has inspired
a lot of discussions about imgt of fundamentals and speculation on energy
commodities price changes and volatility variatiofisis dissertation examines roles of
market indamentals andpeculationn both U.S. natural gas market and global erud
oil market fran three aspect$Specfically, chapterll investigateghe relation between
U.S. natural gas price variation and changes in fundamentals withinsidatedMarkov
switching frameworkChapterlll focuses orthe dynamics between crude oil priged
U.S. dollar exchange rat€hapterlV pays special attention the correlation between
specul ator so n erergyconmmpditppoice variatiamn s and

Determination of storable commodity price can be explained by the theory of
storage. The classic theory of storage was first introduced by Kaldor (1986j
elaborated by Working (1948, 194®) explain the fact that forward prices of storable
commodites are generally below the spot prices plus carrying costs of holding the
inventory until maturity dateMany researchers have attempted to model the price

movements of storable commodities based on market fundamentals, such as Deaton and

This dissertatiorfollows the style oEnergy Economics.



Laroque (1992, 1996), Ng and Pirrong (1994), and Pindyck (1994, 2001, 2004a, 2004b).
These studies provided empirical support for the linkage between market fundamentals
and volatility of storable comadities pricesChapterll proposesa two-state Markov
switching model to forecadi.S. natural gas spot pritiased ommarket fundamentals

The use of the regimgwitching model provides a flexible way to deal with possible
endogenous sictural breaks and volatility changes, and hence improves forecast
efficiency. The assumption of regirr@witching is based on the observation that U.S.
natural gas market experiences obvious downward or upward pressure when there are
changes in market fuathentals such astorage, and this kind of market trend and
trading sentiment prevail untilew information flow comes.

To further test the forecast accuracy improvement of regimhing model
against fundamental model without regiswitching assumptiorDM tests proposed by
Diebold and Mariano (1995) are carried out for thstep, 4step and 2Btepahead
forecasts byo ot h model s. | regineswitclung mddel tddesa & betieh e
forecasting job in general than the linear fundamental model without regutehing
framework, especially in the case ofstepahead forecastSince no model system
encompasses theher, aregressiorbased linear combination of the Markswitching
modeland also the alternative modepisoposed.

With regard tahe price boom imglobalcrude oil markeseen during past several
years fundametal factors, such astrong world demath rigid oil upply, weakening
U.S. dollar,peak oil feay inventory variationsand also geopolitical instabilityare

initial drivers to push umil price. Among all these factorshe dynamics between oil



price and U.S. dollar is thmajor research theenof Chapterlll. Kr ugman (1980) ¢
theoretical framework is extended to &duntry (U.S., Euro Zone, OPEC, China and
Russia) model to examine how these two newly emerging econdd@lesa and
R u s sail impod/export and also internatial portfolio preference affect the dynamics
between U.S. dollar and oil price.

Be'nassyQue're et al (2007 studythe cointegration and causality between
real pricé of crude oil and real U.S. dollar exchange rate against eues period 1974
2004, and finds 10% increase in oil price coinsiéh 4.3% appreciation of U.S. dollar
in the long run and the causality runs from oil to dollar. Huang and Guo (2007) conclude
that real oil price shocks seem dominant in the variatioth® real exchange rate of
Chi nads c wremergemce of China m doth oil and foreign exchange markets
could strengthen the positive causality found from the oil gadée dollar in the short
run but reverse its sign in the long rut. the samdime, it is alsoobserve that from
January2002 to July 2008 oil price keeps rising while U.S. dollar depreciates, thus, a
negative causality between oil price and U.S. dollar seems to amdbtfurther
investigation need#o be carried out to decide tligrection of causality. If empirical
study shows that causality runs from U.S. dollar to oil price, the argument that oil price
increase is also a result of weakening U.S. dollar would be supported.

Besides fundamental factorglentifying the effect of speculative behaviors on

energy commodity price volatility is also of interest to researci@rapterlV of this

! The crude oil price is deflated by the US consumer price index.
2 This variable is constructed by deflating the norh@ahange rate of U.S. dollar against the euro using
consumer price index for the Eurozone.



dissertation is dedicated to the study of speculation in crude oil and natural gas markets.
Eckaus 2008) claims the sharp crude oil price increase seen in 2008 is a result of
speculative bubble. Robles, Torero and von Braun (2009) argue that speculative activity
in the futures markets may have caused increasing agricultural commodity prices in
20072008 On the other hand, some researchaush as Pirrong (2008), Sanders, Irwin
and Merrin (2009)report limited empirical evience to support this assertiofihe
bubble or norbubbledebate is important in the sense that pricing efficiency of futures
markes can be in serious doubt if speculation does distort the price away from the level
supported by market fundamentals, as a result, the economy may respond to misleading
price signals.

To test the theory that speculation may affeoergy commodity pricesby
exaggerating the signals sénytmarket fundamentals, the forecast errors f@rapterll
are utilized to examinéhe forecasting ability of speculatérgositionswith regard to
U.S. natural gas pricéimited evidence is provided to support the bubble theory in U.S.
natural gas market.

This dissertation follows the jonal article style. Three majorh@pters, Chapter
II, 1l and IV, arededicatedto the three topics elaborated abowach of the three
Chapters is seltontained, including introductiomlata and model development, results
and interpretation, and conclusion. In addition, this dissertation also includes antabstrac
introduction and conckion Chapters of the whole dissertatioreferencesand an

appendix.



CHAPTERII

FUNDAMENTALS AND PRICE FORECASTS OF U.S. NATURAL GAS

INTRODUCTION

Natural gas prices in both spot and forward/future markets are characterized by
high volatility, which has made forecasting their prices based on market fundamentals a
very challenging task. Many researchers have attempted to model the price movements
of sorable commodities based on market fundamentals, such as Deaton and Laroque
(1992, 196), Ng and Pirrong (1994and Pindyck (1994, 2001, 2004a, 2004bhese
studies provided empirical support for the linkage between market fundamentals and
volatility of storable commodities prices. Also, they found that real world commodity
prices in both spot and forward/future markets are far more complicated than that
captured by fundamental models, and the forecasting ability of these fundabzessdl
structural modls is quite limited, hence it is hard to use these models for derivative
pricing. This paper investigates the role of market fundamentals in U.S. natural gas price
changes within a regirmgwitching framework, and also proposes a sterh price
forecastmodel for natural gas based on fundamentals. The use of the 1&gitaking
model provides a flexible way to deal with possible endogenous structural breaks and
volatility changes, and hence improves forecast efficiency.

Determination of storable commayliprice can be explained by the theory of
storage. The classic theory of storage was first introduced by Kaldor (1986j

elaborated by Working (1948, 194®) explain the fact that forward prices of storable



commodities are generally below the spoicgs plus carrying costs of holding the
inventory until maturity date.tSoc ks of commodity bring so ca
to stock holders, because the steokshand enable them to respond more flexibly and
efficiently to unexpected suppbnddemanl shocks. Thistream of benefits generated
by inventory explains the existence of uncompensated carrying cost in competitive
storage markets, where future price is not sufficiently larger than spot price to fully
cover the incurred interest and warehoersgts of holding inventory.

Scheinkman and Schectman (1983) expanded the theory of storage by
introducing rational expectations into the partial equilibrium model of production and
storage. It is assumed that the source of uncertainty is on supply sicle egually
affects all producers. The final demand is snandom and only depends on price. By
assuming equilibrium, (rational) expectations of future prices bynaskral producers,
and independently and identically distributed supply shocks over teye showed that
the equilibrium price is a function of one specific state varélhe total stocks kept
until current period plus current period production. In their special case they found the
equilibrium price follows a renewal process. Thatis,dftoy 6 s pri ce i s | ow €
it is optimal for producer to hold stock for future consumption, hence the existence of
inventory |links todayds spot price with fut
|l east equal t o t od asgodrd facpor, sinceepsodudersvmake ¢heir by t
decision based on their rational expectation of the future which is assumed to clear the
forward market. On the other hand, I f toda

decision for producers would betohalke r o st or age, hence next pe



independent of t he ¢ uFamaeandtFremqcle (198&utliédsthepr i c e
London Metals Exchange (LME) spot and future prices over the period 1972 through
1983 and concluded thatventory resposes would spread the effects from demand and
supply shocks between current spot prices and expeaped prices (future prices)

therefore, the volatilities of spot and future markets are linked due to the existence of

storage.
Williams and Wright (199ltooka ¢l ose | ook at storage mo
to what extent industrwi de st orage stabilize a commodi

acknowl edged that storage has an asymmetr i c
more effective at supporting \@hwould otherwise be very low prices than at reducing
what would otherwise be very high prices." They further argued that due to the fact that
the effects of storage on the distribution and tsmaes properties of prices are not fully
acknowledged yetsome empirical techniques appear to be biased toward finding
irrationality in expectation. Deaton (1992, 1996) noticed the existence of skewness,
excess kurtosis, high volatility, and strongly positive correlation in commodity prices.
He conducted empiritaests for the storage model and concluded that the positive
autocorrelation of commodity prices is mainly caused by shocks on the demand side
rather than by supply shocks or speculative storage behaviors as some earlier studies
claimed.

Pindyck (1994, @01) focused on the relationship between the variance process
of commodity prices and market fundamentals. Fundaméatcsdrs such as supply,

demand and inventory conditions affect the variances of spot and forward/future prices



of storable commoditiesnd also the correlation between these two sets of markets. A
Pindyck (1994, 2001) pointed out, the volatility of commodity pridceks the
commodity cash (spot) market with forward/future markets. The equilibrium of these
t wo sets of mta rarid ast adfected| by ohangea infthe devel of price
v o | at Nglandt Pjrrong (1994) investigated the industrial metal market and found
Avariations in volatility are | argely attr.i
supply conditions, rathehtan specul ati ve noise tradingbo,
in commodity markets are quite common with the introduction of financial instruments.
Modjtahedi and Movassagh (200feund spot and future natural gas prices to be non
stationaryprocesses ahpartialempiricalsupport for the theory of storage in natural gas
price basis determination is also provided.

This Chapter uses a twestate regimeswitching model to investigate the
relationship between market fundamentals and U.S. natural gapremotvariations.
The regimeswitching assumption is applied to deal with high volatility and also to test if
there is structural change involved in the mechanism via which fundamentals affect
natural gas price variation®bservations of U.S. natural gasarket suggest that there
exist two states of the market: a bull market and a bear market. These terms are generally
used by traders to describe primary upward and downward market trends using technical
analysis, respectively. In this study these concapsborrowed to describe two sets of
short term market trends in natural gas market. A bull market happens when increasing
investor confidence is widely spreading and future price increases are anticipated. A bear

market is associated with increasing isteg fear and pessimism. In the bullish state, the



market exhibits a clear upward trend and less volatility than in the bearish state.
Therefore, these fundamentals which drive the natural gas price movement would
function differently in different stateslo test this hypothesis, a Markswitching

model is proposed under the assumption that the market switches between these two
states according to a Markov chain. An investigation of the relationship between the
fundamentals and the U.S. natural gas metern is examined in this framework.

Results show that predicted and observed behaviors of the natural gas price have
very close correspondence which suggests market fundamentals affect price dynamics.
Also it shows that linkages between the fundamentals and natural gas price variation are
statistically different across different market states. The hypothesis of endogenous
regime switching is supported by the data. Furthermore, the regyumehing model
also improves forecast accuracy compared with the model which has the same structure
excep for the regime switching assumption. As suggested by Ng and Pirrong (1994),
generalized autoregressive conditional heteroskedasticity (GARCH) is also considered in
the regimeswitching framework to account for the tiraarying volatility. However, the
insignificance of the lagged spread in the augmented GARCH (1,1) specification shows
that past supply and demand conditions do little to explain price variability. The
endogenous volatility assumption is not supported by U.S. natural gas data. Based on
Markov-switching model estimation results, shtatm forecasts of natural gas price
with/without Markowvsmoothing effects are provided. We find forecasts with Markov

smoothing effects are generally more reliable.
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The remainder of this l@apters organized sifollows. The next section identifies
fundamental drivers that affect natural gas market. Setiiashescribes the theoretical
model and also the data used for estimation and forecasts. SB¢ttiogports and

interpretsthe results. Sectiovf provides conclusions of the work.

FUNDAMENTALS AND U.S. NATURAL GAS MARKET

Fundamental factors that affect natural gas demand and supply, such as
seasonality, weather events, storage changes, demand and supply shocks, are all drivers
that determine natural gas price dynamics, especially in the short term. Because natural
gas consmption is seasonal while production is constant, natural gas is stored during the
summer for winter use. This seasonality results in lower natural gas prices in summer
than in the winter. Variation in weather also affects price because more heating and/or
cooling degree days than average increases the demand, and then the price.

The role of inventory on natural gas price dynamics is worth a thorough
investigation. The theory posits that marginal convenience yield would decline while
inventory level incrases; hence, firms would have fewer tendencies to build up
inventory. Empirical evidence has been provided by Working (1948, 1949) and Brennan
(1991) to support this hypothesis. Since storage can function as marginal supply for
storable commodity, change$ storage would have direct effects on natural gas prices.

If the storage level is higher than normal level, the price of natural gas would be
pressured downward; meanwhile, when the storage level is lower than normal level, the

price would be pressureghward, holding the other relevant factors constant.
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Storage can also affect the natural gas spot price via the existence of
future/forward markets. The linkage between forward/future prices and spot prices is
established due to arbitrage. Following Ng &ndong (1994), the arbitragfese relation
between spot and forward prices can be expressed as:

"0 Y& YQ R (1)

Let "Obe the foward/future price at timéfor delivery at time€’yY o, and"Y be spot
price at timed. Moreover, letY@; be the cost of physically storing one unit of natural
gas from timedto"Y and denoté j, as the defaulfree interest rate at timeover the
same period. Finally, leb; denote the convenience yield generated by inventory of
natural gas from timéto "Y The relation between spot and forward prices can be
expressed in terms of interest rate and storage adjusted spread as:

h

[ o T (2)
The lefthand side of equation (2) is the-called interest rate and storage adjusted
spread which is proposed byMnd Pirrong (1994).

The log transformation of spread is used in this study, instead of the atedest
storage adjusted spread, becatlmze is no storage cost data available for natural gas.
The forward price employed here is ementh prompt futurerice. As an opportunity
cost of capital, changes in nominal interest rate would drive the spread to move in the
same direction. When there is an increase in the interest rate;rpaxiihizing traders
of a commodity would naturally ask for a larger spré@a cover the increased trading
cost. When the interest rate decreases, the spread would naturally face downward

pressure. Fama and French (1987) regress theorth basis (difference between
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forward and spot prices divided by spot prices) on interess rahd found for most
agricultural commodities and metals the coefficients of interest rates are positive;
however, the coefficients are only significant for metals (especially precious metals such
as gold and silver). Some preliminary analysis of the bafural gas data shows that the
correlation between the spread and nominahdhth interest rate is quite low and
regression of the log of spread against monthly dummies and nominal interest rate yields
an insignificant coefficient for interest rate, altlgh the sign is positive as the theory
predicts. It is also worth mentioning that the volatility of thendnth defaulfree
interest rate over the sanperiod is much higher than that of thenonth natural gas
future-spot spread; hence, it is safe taiel that trading behaviors of natural gas is not so
much driven by opportunity cost of capital, as in the case of gold and silver. The
substitution of the log of the spread for storagetinterest adjusted spad is justifiable

in this study.

It is obvious that the spread summarizes supply, demand and inventory
conditions at timeé. Although shocks in supply and demand are not predictable and hard
to measure, market reactions to these shocks are reflected in spot and forward prices and
also changes in atage; therefore, the spread between forward and spot prices and also
volatilities of these two sets of prices would reveal this information. Inclusion of spread
and volatility into the analysis is essential for the investigation of the relation between
fundamentals and natural gas price dynamics. In the regvitehing model, ongeriod
lag of spread is included as an explanatory variable to account for the autocorrelation in

natural gas price. Meanwhile, to test the hypothesis of endogenous volaigjigeated
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GARCH is proposed to include operiod lag of the spread in the conditional
heteroskedadgtity specification.

In this study, the impacts of crude oil price changes on natural gas prices are also
consideredFuel switching between natural gas aedidual fuel oil makes natural gas
prices move closely with crude oil price, but these two energy commodities are not
perfect substitutes to each other. In the short run, fuel switching is subject to a
technological constraint, while in the long run ameuld expect natural gas and oil use
to stay aligned. The relationship between natural gas and crude oil prices has been
studied by many researchers; however, the conclusions are not consistent. Bachmeir and
Griffin (2006) reports a weak relationship beemeoil and U.S. natural gas prices. Villar
and Joutz (2006) find oil and natural gasimi@grated with unit root. Asche, Osmundsen
and Sandsmark (2006) find -oategration between natural gas and crude oil prices in
U.K. market after the natural gas deukgion, with crude oil price leading the price of
natural gas. In this study, crude oil price is treated as a-@ortdriver for natural gas
price change. There are two major reasons for this treatment. First, natural gas and crude
oil are substitutesor each other especially in industries like power generation; hence,
prices of natural gas and crude oil share some common patterns. Secondly, the price of
crude oi l actually affects fAsentimento of
a majo index of the whole energy market, which signals the overall trend of energy
markets. Figur@.1l provides weekly prices movement of natural gas and crude oil from
Jan. 2, 2004 to June 26, 2009. It can be seen that there exists somogetoent

between thee two prices. There also exists obvious differential movement between
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these two prices. This fact confirms the common conjectures about natural gas price
movement. The dramatic spike from August 2005 to February 2006 is mainly caused by
Katrina and high wter demand for heating. Pindyck (2004b) provides mixed empirical
evidence on the interdependence between crude oil and natural gas price returns over the
sample period from May 2, 1990 to February 23, 2003. Specifically, the daily crude oll
return can pedict natural gas return and the daily crude oil volatility also shows the
prediction power for daily natural gas volatility. On the other hand, when the data are

measured on weekly basis, these patterns are not so obvious.

THEORETICAL MODEL AND DATA

The regimeswitching model with a Markov chairis adopted to model the
weekly dange of the natural gas price. Under the assumption that market switching
between two states: a bullish market state and a bearish market state according to a
Markov transition matrix, U.S. natural gas price is modeled as a mixed process which
follows different time series process over different -salmples. Hence, these
fundamental factors that affect the market conditions of natural gas would have different
effects on the price in different regimes. The use of the regwitehing model allows
one to infe meaningful probability information with which the market stays in each state
at every time point. A further advantage of Markov chain is its flexibility. As explained

by Hamilton (1994), the Markeswitching model makes it possible to choose particular

3 For more information about regirsavitching model with Markov chain, see James D. Hamilton (1994),
Time Series Analysis. Chapter 22, Modeling Time Series wignGés in Regime.



15

parameters based on data available while abiding by a probability law consistent with a
broad range of different outcomes. Recent development of Maskdehing model
with time-varying transition probability brings more flexibility into modelirfgpr the
Markov transition probability matrix, it can either lexogenously determined (constant
over time) or endogenously determined (time varying) by some major economic
fundamentalsThis studyexplores both types of models to find the suitable specification.

Weekly data of spot andronth prompt future prices of U.S. natural gas traded
in New York Mercantile Exchangd\NYMEX) are used. U.S. storage déte natural gas
are provided by Energy Information Administration, Department of Energy. Heating
degree days (HDD) and cooling degree days (CDD) data are obtained from the National
Weather ServiceWest Texas Intermediai@VTIl) Cushing Spot traded iNYMEX is
used as the spot price for crude oil. The sample period is from Jan. 2, 2004 to June 26,
20009.

Some preliminary analysis of the natural gas price datavs trat the original
natural gas price exhibits severe skewness at 1.25, but the skewness for the dependent
variable (first difference of the log of natural gas price) is 0.16. Excess kurtosis for price
is 1.82 and for the dependent variable is 2.02 d$ymmetry of natural gas price can be
explained by the existence of storage and the excess kurtosis suggests the distribution of
price data is very prone to outliers. With the presence of thisnagnality, it is not
appropriate to assume the price daty follow one standard stochastic process; instead,
a mixed process may be needed.

The basic theoretical twstate Markovswitching model is defined as following:


http://en.wikipedia.org/wiki/New_York_Mercantile_Exchange
http://en.wikipedia.org/wiki/West_Texas_Intermediate
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DIn(p), = xb, +e, ©)
s =1 if the state isbull marketat time t

s, =0 if the state isabear markeat time t

b, =b,(1- s)+ bs 4)
e, ~ N(,s2) (5)
sZ=sZ(1-s)+sis (6)
Prs = jls. =i vox)=p, i il {0 (7)

To account for the conditional varian€® in spot price return, augmented GARCH
(1,1) is proposed as:
; QU (8)
Q| cd 1 Q1 H g 9)
0 is i.i.d. with zero mean and unit variance. $et 1, equations (8) and (9) are
standard GARCH (1,1) specification. Gperiod lag of spread is used as the exogenous
variabled in equation (9) to test if past supply and demand conditions affect volatility
of natural gas price return.

For simplicity andease of computation, the linearity for the basic structure model
in each state is assumed. Meanwhile, regime switching assumption allows certain non
linearity in the model specification. The dependent variable is the log transformation of

natural gaspotprice differenced weekly.
To account for the seasonality, monthly dummies are also incl&detbrs such

as crude oil price change(weekly) weekly storage deficit/surplus changaveekly
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changes of HDD and CDD, and also lagged spread are all includestated before,

due to availability of data, in this study forwasdot spread is substituted for the interest
rate and storage adjusted spread, which is simply constructed by using the log of forward
price minus the log of spot price. The lagged valusprgad is included in the mean
process equation (3) to account for the fact that commodity price process is a mean
reverting process, as Ng and Pirrong (1994) suggested.

In the attempt to fit the timearying transition probability Markeswitching
mocel, factors that may influence the transition probability are specified as: HDD
weekly change, CDD weekly changtorage deficit/surplus chandagged spread, and
crude oil weekly price change.

For the estimation of Markeswitching models, MLE as a spel case of EM
algorithm is applied to get all the parameter estimates and inferred probability with

which the market can be viewed as a bullish or a bearish state.

RESULTS AND INTERPRETATION

A series of models have been fitted to see which mspetification is more
suitable. The dndamental linear model withotie regimeswitching assumption but
with augmentedsARCH (1,1) isfirst explored to see if lagged spread can explain part
of the conditional heteroskedasticity. The insignificance of rpatare suggests that
past supply and demand conditions offer little help in predicting volatility. On the other
hand, a standard GARCH(1,1) specificatiorsupported by the datdhis meansome

variation of the natwal gas price can be predicted givanrent information set, although
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not by lagged spread variable directly. The MA coefficient in the GARCH (1,1) model is
much smaller than the AR term, and the sum of these two parameters is close to 1, which
suggest the variance is highly persistent. Shgmificance of the fundamentals shows

that fundamental factors affect the natural gas spot price return just as expected. Also the
LR test shows that the monthly dummies are significant collectively. Significance of
lagged spread in the mean equationcamsistent with the common conjecture that
natural gas price is autoregressive.

Estimation results show that the Markswitching model with a timearying
transition probability matrix is not supported by the data, and the model fails to yield
meaningful estimates. The main modspecification used heris a 2state Markov
switching model with constant transition matrix. Both augmented and standard GARCH
(1,1) are built into the regimswitching model. However, the assumption that each
different state haa different augmented or standard GARCH (1,1) specification is not
supported by the data. This result is consistent with other findings in the literature where
Markov-switching modeling is applied to weekly stock returns. Hamilton and Susmel
(1994) proposd a SWARCH model (Switching ARCH) to study the weekly stock
returns and found the ARCH effects captured by the SWARCH model die out very fast.
Based on this finding, Kim and Nelson (1999) proposedstate Markovwswitching
variance model for the month$gock return and found no ARCH effects can be detected
with the presence of thestate Markowswitching variance model. In our case, we find
the 2state Markowswitching variance model seems to be able to account for the

persistent variance by decomposirtige volatility into two variance processes.
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Furthermore, a twstate SWGARCH model is also carried out which only allows the
variance parameter of GARCH (1,1) process to vary according to an unobserved Markov
chain. Unfortunately this trial fails to procel any useful result.

Table2.1 presents the estimation results of the GARCH (1,1) model and also the
regimeswitching model. Theegimeswitching assonption is supported by the data and
the LR test shows that monthly dunasiare collectively significanlso these dummy
variablesd on 6t s wi t c RFundamantal $astorsssuch aseweekly difference of
the log of crude oil price, weekly difference of storage, and lagged spread switch across
states while other fundamental fact@OD and CDD)show norswitching effectsThe
constant terms in both states are significantly different from zero and in state 1 the
magnitude of the constant coefficient is smaller than in state 2. Given the negative sign,
this suggests the state 1 is a bullish market statestate 2 is a bearish state. Meanwhile,
a close look into the variance estimates of different states also shows that when the
market is in bullish state, the overall volatility is smaller than when the market is in
bearish state, which suggests the movaméthe weekly natural gas spot price return is
more stable in state 1 than in state 2, and the market trend is clearer in state 1 than in
state 2. The negative signs of the constant terms in two states are consistent with the fact
that sample mean of éhdependent variable is negative and also the findings of the
previous GARCH (1,1) model. These estimate results, however, are surprising in the
sense that the mixed process of natural gas price movement does not consist of two
processes of totally oppositmoving direction; instead, we see the deviation of two

processes from the sample mean is not that dramatic at all. Although the GARCH (1,1)
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does not work in the regim@wvitching framework, the regim@witching assumption

itself allows a certain level ofariance decomposition by assuming different variances
parameters for the price returns in different states, and hence provides a tool to deal with
high volatility.

The role of the price change of crude oil is intriguing. The estimation results of
the furdamental model without the regims®itching assumption show that price
changes of crude oil are positively correlated with natural gas price changes, which is
consistent with our observations. Meanwhile, in the Maidwitching model both
coefficients in wo states are positive and significant. However, we can see that in the
bullish state crude oil price changes have smaller impacts on natural gas price than in the
bearish market. This may resut bm t r ader s 0 -makifigfbenaveorstin deci s
different market states. When the market shows less volatility and a clearer market trend,
market participants may put more emphasis on other market fundamentals than changes
in crude oil price when they make trading decisions; on the other hand, when market
paricipants are less certain about the market trend, they may choose to play safe by
observing the market trend of crude oil and making their decisions accordingly, since
crude oil market dominates the whole energy commodity market.

The significance of the @tage change variable in both states confirms the
conjecture of storage theory, which asserts that when inventory level increases, the
commodity prices face downward pressure. This effect is larger in the bearish market
than in the bullish market. Increase inventory means increase in marginal supply.

When the market is already in a bearish state and traders hold a pessimistic opinion
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about a future possible price increase, news of an increase in inventory level would
further enhance this opinion and hemtiminish the price expectations further. At the

same ti me, this downward price trend antic
current decision on building up inventory which may result in -@ugply in a spot

market. While in a bullish market, ¢h s ame pi ece of I nfor mat
confidence negatively but to a lesser extent as long as anticipation of future price
increase is still widely held.

Lagged spread tells a different story in the Markaxtching model. Obviously,
past supplydemand conditions matter in both a bullish and a bearish market state. This
is consistent with the finding that natural gas price exhibits high autocorrelation. The
positive sign of this variable is also consistent with the theory of storage which states
that spot price is more variable when the spread is wide. The lagged spread has larger
effects on natural gas price changes in a bullish market than in a bearish state, which
suggests traders intend to take past sugplypand conditions into their trading deons
to a larger extent when market trend is stable, while in a bearish market, traders intend to
put less weight on these conditions.

All these observations show that market fundamentals which would reduce
natural gas price have larger impacts ongabanges in a bearish state than in a bullish
state. This is plausible since when the economy is in recession or the market is bearish,
market participants tend to be more cautious and sensitive with respect to bad news,
hence, the responses toward thesgative shocks would be more dramatic than in a

bullish state. Also, the linkage between crude oil price and natural gas price is weaker in
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a bullish state than in a bearish state. On the other hand, the effects of past supply
demand conditions on pric@a&nges are larger in a bullish state than a bearish state. This
implies that in a bullish market, other independent drivers of natural gas market, rather
than crude oil price, play major roles.

The dependent variable, thertved filtered and alssmoothed probabilitiesf
the market inthe bullish or the bearish state are presentefligure 22. It can be seen
that weekly difference of log of natural gas spot prices demonstrates high volatility. The
filtered probability of the market being at &4t or 2 at tim@is calculated by using the
data up to time, while the smoothed probability is derived post hoc using the full
sample data. The high value of the diagonal element in the transition probability matrix
shows that the market has higgmdency to stay ihe state until somethantriggers the
market to switch. This is consistent with findings from other studies which apply
stochastic modeling to the crude oil market and find the meaarting coefficient for
crude oil price is very low. Ais result also helps to explain the existence of high
volatility. When shocks occur, the market may switch to the other state and stay in that
state for quite a while until another shock triggers the switching process again or the
impacts of the shock giaally die out. When the market is going through stable
increases although very small, the probability of the market being in state 1 is very high;
at the same time, when the market experiences big jumps and shows high volatility, the
probability of the meket being in state 2 is very high.

Overall market fundamentalsccount for 45% ofhe natural gas priceariation

over the sample period. FiguPe3 provides a comparison of the fitted and real weekly
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difference of the log of natural gas prices with 2 units of standard error bands which
provide upper and lower bounds for the fitted values. It can be seen that the real values
are contained within 2 units of standard errors interval of fitted val@s@arison of
the fitted andthe original weekly differenced value dfie log of natural ga price show
that fitted values are in general smaltean the original data in magnitude, which
suggests that some variations in the original data cannot be capturtbe 2state
regimeswitching model, and some factors other than those market fundamentals
examined in this paper also have great influence on natural gas price movement over the
sample period.

Based on the twstate Markowswitching model, shoiterm aut-of-sample istep
(a week), 4step (a month) and also -2@ep (5 monthsahead forecasts are provided.
Figure24 pr es e nt s-stef 8head dredassdoved the period Feb. 13, 2009 to
June 26, 2009 based on botistate Markov switching and GARCH,{3 models. To
calculate the stepahead forecast, we estimated the model udimg first 266
observationsthen we use the estimated parameters to make the first forecast, which is
the predicted value ahe 267" data point (week of Feb.-B3, 2009) For the second
forecast, the realization tfie 267" data point needs to be added into the dataset, and the
model is reestimated using thi new dataset. Then newstepahead forecast is
calculated using thepdlated estimated parametersislprocedure isepeated until all
t he 20 -stepahdadforecdsts are produced.

Figure25 pr e s e nt sstepabeadvierecksts-8tepdhead forecasts are

calculated in similar way as thestepahead forecast. First, the model is fitted using
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first 266 obsevations, then the first 4 forecasts are made based on the estimated
parameters; to make the next 4 forecasts, these first 4 actual values of the first 4 forecast
periods are added into the dataset and the modelastireated using this updated
datasetthen another $eriodahead forecastarecalculated using the newly estimated
parameters and this procedure is repeated until all the forecasts are made. For the
regimeswitching model, the 4tepahead forecasts can be calculated with and without
MS (Markov-smoothing) effects. For every set ofs#epahead forecasts, the first
forecast is calculated by making use of the estimated Médrkosgition probability

matrix and all the switching and newitching parameters, and the probability of market
being atstate 1 or 2 is derived by multiplying the filtered probability of last period with

the transition matrix. When it comes to the second forecast, we can either derive the
probability of market state at the second forecast period by simply applying thewWark
chain rule, which gives the forecast without the Markov smoothing effect, or recalculate
the probability of market state by taking the first predicted value into consideration,
which yields forecast with the Markov smoothing effect. The forecast withnatihout

MS effect at each data point can be derived using the following equations recursively:

D"YOI 00080 0fi 6640 (10.1)
06 0200 p (10.2)
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0 "YR i i @2x1 vector consisting of smoothed praligtof market being at state 1 or
2 at timeo. 0 is the estimated 2 x 2 Markov transition matrix, @0 is a 2x1 vector
consisting of the probabilities of market being at state 1 or 2 atdimvbich can be
derived by applying the Markov chainleu0 0 is a 2x1 vector consisting of the
normal density of forecast error at state 1 and 2 atdime

At each data point, the regirsgvitching model provides two conditional
predicted values contingent on the market being in state 1 or 2. Actualhvialu® these
two predicted values gives a vector of forecast errors at state 1 and 2, respectively.
Symbol8 represents multiplying two vectors, element by elenienit. 0 ‘Q ® dsdad Q
1x2 vector of predicted values of the dependent variabléatg & and 2 at time.
i O & 0 is the probability weighted sum of the normal density of forecast error at time
0. The reason for using normal density here to calculate the weight is that predicted
values (the first difference of the log of natugas price, the return) can either be
positive or negative, meanwhile weights have to be positive and sum to 1. Therefore, the
values of nor mal density olecomaanldeakchoiceé e 6 s
for weight calculation, given the fachat the forecast error is assumedmally
distributed in this studywWhen the forecast error at state 1 is large, the normal density of
this forecast error is relatively small; hence, less weight would be given to probability at
state 1 and more weight wial be given to probability at state 2, then the predicted value
at timeois calculated by using the updated Marlsmaoothed probabilities.

Figure2.6 presents 2@veekahead forecasts from bothsfate regimeswitching

and GARCH (1,1) models. Similar tbe 4stepahead forecast scenario, forecasts with



26

and without Markowsmoothing effects are produced by the regswiching model
over 20 weeks forecast period.

To evaluate the forecast performance of theta?e Markowswitching model,
DM tests proposby Diebold and Mariano (1995) are carried out for tistep, 4step
and 20stepahead forecasts by both regiswitching and GARCH (1,1) models. Table
2.2 lists the DM test results for the forecast comparison between the regitohing
model and the SRCH (1,1) model. Since the sample is relatively small, a 10%
significance level ixhosen instead of 5%. The tests show that forecasts by the fegime
switching model outperform the simple GARCH model hstdp and 2&tepahead
scenarios, although the dfience between forecasts with and without Markov
smoothing effect is not significant at all. While forstepahead (a month ahead)
forecast, the regimswitching model fails to improve forecast accuracy compared with
the GARCH model.

Following Wang and Bssler (2004) twovay and multway regressioitbased
encompassing tests for all thestep, 4step and 2Gtepahead forecasts from the
regimeswitching model and the GARCH model are also carried out. Thewayo
encompassing test is conducted by doingdhewing regression:

Q _Q Q -, (11.1)
Q 1 QOO0 OROIQQLOI OV WA 6 Q (11.2)
whereQ is the forecast error from the forecast mof@andQ is the forecast error from
the forecast modelQ When coefficient_ is zero, it says the forecast mode

encompasses the forecast moghat is, there is no information included in the forecast
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model'Qwhich is not already included in mod@The threeway encompassing test is
constructed as the following regression:
Q Q Q Q Q - (12)

The null hypothesis is that the forecast md@aicompasses the forecast maogeld Qif

. If models ‘Gnd 'Qencompass each other, or neither of the models
encompassesach other, then no single model can capture all useful information in the
sample. As a result, it is possible to generate more accurate composite forecasts based on
the two models. Tabl2.3 presents these results.

It can be seen that the encompasseggst yield mixed results with respect to
these forecastsd capabil ity -stegahefdeforecastnp as s 0
the DM test shows that forecasts by the regawéching model outperform forecasts by
the GARCH (1,1) model and encompassiest shows that the regirsgvitching model
encompasses the GARCH model, meanwhile the GARCH model fails to encompass the
regimeswitching model, which confirms the DM test result. In the case of $tep!
ahead forecast, the DM tests show that there arsignificant differences among all
three sets of forecasts, although the forecasts from the ragitehing model do
outperform those by the GARCH model slightly. The-tway encompassing tests show
that the regimeswitching model and the GARCH model dot encompass each other,
and this means each model has revealed some information about the natural gas price
variation which the other model fails to discover. The thwag encompassing tests also
confirm this conclusion. Hence, a combined forecasth®aconstructed by combining

these two sets of forecasts to improve forecast accuracy. In the case obthpdttead



28

forecast, the DM tests show that both sets of forecasts from the regitching model
outperform forecasts by the GARCH model and tHiem@@nces are significant at 10%
level. The tweway encompassing tests show that forecast without MS effect
encompasses forecast by GARCH while GARCH
MS effect. Neither forecast with MS effect nor GARCH encompassesotiaeh Hence,
with regard to the 28tepahead forecast, forecasts without MS effect outperform
GARCH forecasts and the former encompasses the latter.

When it comes to nederm forecast, such as thestepahead forecast, the 2
state regimeswitching malel produces better forecasts than the simple GARCH model
and it can b seen from igure 2.4 that forecasts by the Markeswitching model can
follow those abrupt changes in reality very closely while the GARCH forecasts fail to
capture these changes. Howewve can also see fromdtres 2.5 and 2.that all the 4
step and 2&tepahead forecast fail to capture those sharp changes which the natural gas
market went through during the month of May 2009. The observdlianthe onestep
ahead forecasts fronthe Markowvswitching model somehow capture those abrupt
changes from May 1, 2009 to May 29, 2009%wan obvious lag of one perioghile the
4-stepahead forecasts fully miss these changbews that the regimr@witching model
can capture what alreadypgmened in the system but cannot forecast shock in the future.
The 20stepahead forecasts by the reghswitching model smooth out those changes
that the forecast system cannot predict and provide just mean values. All these

observations suggest the natugas market reacts to changes in fundamentals with a



29

certain level of persistency, and this is consistent with our previous finding that the
natural gas market tends to stay in one state until a switching point is achieved.

To further investigate if comibed forecasts can improve prediction accuracy,
linear combining method (with constant, without constraint on weights summing to
unity) suggested by Granger and Ramanathan (1984) is applied to construct the
combining forecasts based on regisv@tching andGARCH forecasts. For comparison
purpose, combined models falt 1-step, 4step and 2&tepahead forecast are provided.
Furthermore, oubf-sample forecast error is calculated to test the prediction performance
of these combined forecast models. Theaftéample forecasts for combined model are
calculated by first splitting the 20 forecast periods into 2 groups, and regression is
carried out on the first 14 forecasts dataset to get the weights for each alternative forecast
model, then the combined modetecast is calculated using these weights for the next 6
periods. Thee results are listed irables 2.4 and2.5, respectively.

It can be seen that a combined model in general, improves forecast accuracy. As
suggested by Granger and Ramanathan (1984 )sithple regression combining method
yields unbiased forecasts while a single forecast produces a somewhat unbiased forecast.
Meanwhile, the improvement in the case eftépahead is relatively smaller than in
other cases. Also the weight on the GARCHdelds very small and insignificant. This
observation is consistent with previous findings; the regmigching model actually,
encompasses and outperforms the GARCH model with respect to prediction accuracy.

For the 4stepahead forecast, the combiningetinod yields considerable

improvement. The DM test shows that there is no significant difference between
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forecasts from the regimmwitching model and forecast by the GARCH model, and the
encompassing tests show that no model encompasses the otherthecoepbination

of the alternative forecast model is justifiable. Theirabanple forecast error reported

in Table 4 shows that the combined model improves forecast accuracy greatly compared
with each alternative model, and all four combinations outparfeach individual
forecast model with respect to forecast mean error and sum of squared errors (SSE).
Meanwhile, the oubf-sample forecast errors tell a different story. When a subsample of
the forecasts of each alternative model is used to find thentseigy the new combined
forecast model, the combined model fails to improve the forecast accuracy compared
with the regimeswitching model. This could be a result of the small sample given the
fact that only 14 forecasts are used in the regression tweight for each alternative
model. Similar observation can be seen in the case of tHsee@@head forecast. Since
forecasts without MS encompass forecasts with MS and GARCH, and GARCH also
encompasses forecasts from the Markantching model, it is noral to see the
combination of these forecasts help improve prediction accuracy in view of dime all
sample forecast error. Meanwhile, the linear combination of forecasts from the GARCH
model and forecasts without the MS effect does improveobsample foecast

accuracy.

CONCLUSION

Chapterl uses a fundamentbbsed regimswitching model to study sherérm

U.S. natural gas price dynamics. Within the MaHsawitching framework, roles of
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fundamentals in natural gas price movements are closely examined. It is found that
switching market fundamentals such as crude oil price and storage changes have larger
impacts in a bearish markets than in a bullish markets, while lagged-§yotrspreas!
positively affect natural gas price changes less in a bearish than in a bullish market. Non
switching market fundamentals such as HDD and CDD fail to show statistical
significance in both GARCH and regirsvitching models.

The empirical study also showde regimeswitching model does a better
forecasting job in general than the linear fundamental GARCH model without regime
switching framework, especially in the case eftépahead forecast. However, the
results also show that reabrld commodity pricébehavior is far more complicated than
that predicted by structural models. Fundamental factors and the rsgitahing
forecasts are only reliable in the very short term. To further improve forecast accuracy,
regressiorbased linear combination of the Mav-switching model and GARCH model
is also tried. It shows that linear regression with constant, and without constraint on
weights having to sum to 1 can yield unbiased and better combined forecasts compared
with each alternative forecast model.

The mapr contribution of this study lies in the effort to improve the deficiency of
current fundamentddased models on commodity pricing due to high volatility. The
Markov-switching model allows certain level of variance decomposition which is very
helpful whendealing with highly persistent volatility. Meanwhile, the regisvatching
model also allows nehinear model structure even though in each state the basic model

could be linear. For further discussion, &t8te model could be tried to account for
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possilbe third state, which considers the situation where the market expects little change

for the next period.
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CHAPTERIII
DYNAMICS BETWEEN CRUDE OIL PRICE AND

U.S. DOLLAR EXCHANGE RATES

INTRODUCTION

Given the fact thatvorld crude oil price is denominated inSJdollars, crude oil
price fluctuations in domestic currency may be quite different depending on the
exchangeate regime; henceéhe economies idifferent countrieswould have different
reactiors towards changein crude oil price, which would add more uncertpitite
crude oil price volatity in addition toall the fundamentals. This stugikaminea the
dynamics between crude oil price andSUdollard €xchange ratev s . worl dos ot
major currencieby extend ng Kr ugman (1980) OMeanwhilete et i c al
roles of two newly emerging economde€hina and Russiaare examined to see how
these two countriesodo oil i mport/ export and
the dynamics between U.&ollar and oil price.

Figure 3.1 plots daily U.S. Dollar Index (USDXand nominal crude oil price
movement from July 2, 1986 to Sep. 2, 2010. Fig@2eprovides U.S. Dollar Index and
nominal crude oil price on daily basis especially for period Jar2@0¢ to Sep. 2, 2M.

It can be seen that for the whole period July B08&c. 2001, USD index and crude oil

*The UD Index measures the performarafethe US. Dollar against a basket of currencies: EUR, JPY,
GBP, CAD, CHF and SEK. The.8 Dollar Index was launched in 1973 by the New York Board of Trade
(NYBOT). At its inception, the Lb. Dollar Index was set at laase value of 100. THedex is calculated
around the clock and is listed on ti@E Futures Exchange

®The oil price quoted heris the daily prompt-inonth future pices of New Yok Mercantile Exchange
(NYMEX) light sweet crude ibat Cushing, Oklahoma.


http://en.wikipedia.org/wiki/IntercontinentalExchange
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price share some common movement and the series roughly move in parallel. However,
since 2002, the market witnessed the two series moving in oppdsctions.
Specifically, for period January 20G2July 2008 (except for the second half of year
2006) it is obvious that U.S. dollar is depreciataiagompanied by steady increase of oil
price. Due to the 2008 financial crisis and also the followingssion, crude oil price
began to dive starting from August of 2008 while the U.S. dollar started to appreciate
gradually. When olil price hit the bottom and started to climb up since January 2009, U.S.
dollar appreciated first then began to depreciate lgldar the second half of 2009.
While for the first 4 months of 2010, the dollar and oil price show sormaam@ment.
Due (apparently) to the fear that rising debt levels in Europe and other developed
economies would lead to another financial meltdown,thatiChina and other emerging
markets may not be able to sustain their high levels of growth, oil price dropped from
$86.19/bl on May 8, 2010 to $68.75/bl on May 25, 2010. Meanwhile the U.S. dollar
index slowly increased over the same period. When tl& tbllar depreciated again,
the oil price experienced slight increase.

All these observations raise the question about the causal relationship between
U.S. dollar and crude oil price, that is, does crude oil price variation cause U.S. dollar
changes owice versa. The answer to this question would be crucial to a widely held
suspicion that weakening U.S. dollar may also be a driving force for the steady increase
of crude oil priceseenfor the past several years.

Krugman @980 developed a-8ountry (US., Germany, OPEC) dynamic partial

equilibrium portfolio modelfocusng on balance of payments, hence the tradable
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sector and internationalsset (asset denominated in local currepoyjfolio choices. A
rise in oil prices is viewed as a wealth trandi®@m oil-importing countries to oH
exporting ones. The impact @xchange rates then depends on the distribution of oll
imports across ailmporting countries and on portfolmreferences of both eimporting
countries (whose wealttieclines) and oiexporting ones (whose wealth increasdy.
assuminghat OPEC woulgrogressively use their accumulated weatthmport more
goods from industrial countrierugman (1980) shows that the longrun the real
exchange ratdepend on thegeographidistribution of OPEC imports, but no longer on
OPEC portfolio choices. Assuming that-ekportingcountries have a strong preference
for dollar-denominatedassets but not for .S. goods, an oil pricspike wouldleadthe
dollar to appeciate in the shorun but depreciata thelong run.Golub (1983) extends
the dynamic partiagéquilibrium model to include 4 countries and 3 currencies and comes
into similar conclusions as Krugman (1980).

Be'nassyQue're” et al. (2007 studythe cointegration and caadity between
real pric& of crude oil and real U.S. dollar exchange rate agains{ eues period 1974
2004, and finds 10% increase in oil price coinsiéh 4.3% appreciation of U.S. dollar
in the long run and the causality runs from oil to dollaraktpand Guo (2007) conclude
that real oil price shocks seem dominant in the variation of the real exchange rate of
Chinads c wemergemce of China m doth oil and foreign exchange markets

could strengthen the positive causality found from themde to the dollar in the short

® The crude oil price is deflated by the US consumer price index.
" This variable is constructed by deflating the nominal emgbaate of U.S. dollar against the euro using
consumer price index for the Eurozone.
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run but reverse its sign in the long risfowever, we do observe that from 2002 to July
2008 oil price keeps rising while U.S. dollar depreciates, thus, a negative causality
between oil price and U.S. dollar seems to eanst further investigation needs be
carried out to decide the direction of causality. If empirical study shows that causality
runs from U.S. dollar to oil price, the argument that oil price increase is also a result of
weakening U.S. dollar would be supped.

The quantitative analysis is carried out as follows. First, unit root tests, co
integration tests and also Granger causality analysis are conducted to the price data of oil
and that of U.S. dollars; Then ecbuntry dynamic partia¢quilibrium porfolio model is
constructed by extending Krugman (1980) to study how China and Russia, two major
players on both oil and foreign exchange markets, affect the dynamics between oil and

dollar. The last section concludes.

DATA AND ECONOMETRIC ANALYSIS

The data used for causality analysis between the U.S. dollar and crude oil price
range from July 2, 1986 to July 30, 2010. The real prices of crude oil are calculated by
deflating the nominal oil price using U.S. CPI index while setting July 1986 as the base
month. Figure3.3 presents U.S. dollar index, nominal and also real crude oil price for
the whole sample period. FiguBel presents these series in their logarithm terms where
LOIL represents log of nominal oil price, LROIL denotes log of real oil price, an
LUSDX is log of U.S. dollar index. It can be seen that the real oil price follows the same

pattern as the nominal price and this confirms our previous observations about the
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movements of oil price and U.S. dollar. Also, the nominal oil price shows mtaglity

than the real price, although the oil price series overall are less stable than the U.S. dollar
composite index. Meanwhile, the I og transfo
variation compared with the original data series. The factdihgirices in real terms
exhibit less volatility than the nominal prices could be a result of CPI deflation, which
helps reduce some of the variation in nominal oil prices caused by U.S. dollar value
changes over the sample period. However, one shoule that CPI only reflects
inflation with respect to goods and services for final consumption by all U.S. urban
consumers and overall the energy price changes (both housing/utility and motor fuel)
accounts for roughly 10% of the CPI calculation in recentsygherefore, one should be
cautious when using CPI deflator for purchasing power adjustment with respect to U.S.
dollar.

Some preliminary analysis on both nominal and real oil price and also the U.S.
dollar index are carried out and the empirical kemhehsity estimates of these data
saies ae presenteth Figures 3.53.10 listedin Appendix B It can be seen that all the
data series (in both original and logarithermis) exhibit nomormality; meanwhile,
skewnessand kurtosis tests also confirm these observations. Not surprisingly, one can
see that these series in logarithm yield smoother kernel density curves than the original
data series. Also, the empirical density estimates of nominal and real oil pricestsugge
the underlying distribution of oil prices is a combination of different distributions, which
could be a result of some structural change in the demand and supply conditions of crude

oil market. To determine if there exists causality between oil pridela8. dollar, ce
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integration and Granger causality analysis are conducted to the three data series: log of
nominal oil price, log of real oil price and log of USDX. Meanwhile, to test if there is a
structural change in the relation between oil and deltere 2002, the same econometric
analysis is also carried out on a subset of data which consist of all the data from year
2002 to 2010.

First, augmentedickey-Fuller (ADF) and PhillipsPerron (PP) tests are carried
out to the full sample data and alse tubset which only includes these data spanning
from 2002 to 2010. These test results are reportélhbies 3.1 and3.2. For the full
sample data, it can be seen that both ADF and PP tests on log of USDX, nominal and
real oil prices fail to reject the Huhypothesis of a unit root, and the tests on first
difference of these variables also confirm this observation that these variables are
integrated of order IQp . Tests on subsample data yield the similar results which
confirm the’'Op conjecture.

Co-integration test is carried out to U.S. dollar index and oil prices to see if there
exists longrun relationship between these two variables. For the comparison purpose,
co-integration is tested on two datasets: one dataset includes the U.S. dollaanddex
the nominal crude oil price and the other consists of the U.S. dollar index and the real
crude oil price. As proposed by Engle and Granger (1987), atepoEngleGranger ce
integration test is carried out on these two datasets. Firstjraegwaton regression is
estimated using OLS, then error correction models (ECM) are estimated to determine the
co-integration direction and also the-tdegration vector. In the first step regression,

besides the constant term, a dummy variable (dummyO05) isnalsded. Given the fact
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that China adoptsa managed floatingexchange rateegime against a basket of
currenciesvith a smallopen window for floating rangsince July 2005, a time dummy
variable is constructed to account for this change, which takas Gabefore July 21,

2005 and 1 otherwise. Similar to the unit root tests, EGgénger cantegration test is

also carried out to a subsample dataset which only consists of the data from year 2002 to
2010.

For a twovariable system, existence of -mdegration implies longun
equilibrium between these two series and the stationary equilibrium error which has zero
mean suggests equilibrium could be achieved, at least to a close approximation. The
typical error correction model would relate the changeome variable to past
equilibrium errors, as well as to past changes of these two variables. Following Engle
and Granger (1987), a series of ECM models are estimated and( M& ai ke b s
information criterion)and SIC(Sc hwar z 6 s i nf oselectot criterion aer i t er i ¢
used to find the most proper specification to establish the joint distribution of these two
variables. Three different ECM specifications are reported for each pair of variables. The
first specification includes the error correction termnirthe firststep regression and
also 5 lagged values of the first differences of both variablése second specification
uses onsstep lagged valued of these two variables to substitute for the error correction
term while keeping all other lagged vafieda The third specification is the final
specification which only includes error correction term and lagged variables which are

significant. Specifically, the Engl@ranger ceintegration tests on oil price (nominal and

8 To determine the number of lags, a series of models with maximum lags of 20 are estimated. AIC and
SIC associated with models are used to decide the optimal numbesdfyl reducing the lags one by one.
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real) and U.S. dollar index for fubample and sigample periods are reported iables
3.3-3.18. Table3.3 lists the OLS forward regression result of log of USDX on log of
nominal oil price for the full sample period, and the ADF and Phifipgon test results
on the regression residuakhow that these two series are-ictegrated at 1%
significance level. Meanwhile,able 3.7 presents the reverse regression (nominal oil
price on USDX) and corresponding unit root test results, which also suggest-the co
integration between these two \aiies. Results listed inables 3.11 and 3.15 also
suggest contegration between these two variables for the subsample period. The
negative signs of the coefficients of regressurggest negative correspondence between
these two variables. In the long run when nominal oil price increases the U.S. dollar
index would decrease, say U.S. dollar would depreciate, and vice versa. This empirical
finding is consistent with Krugman (1980 concl usi ons.

Tables3.4 and 3.8 list the ECM estimation results of USDX and nominal olil
prices forthe full sample period, whileables3.12 and3.16 report the ECM results over
the subsample period 2002 to 2010. For the full sample period, all trecerrections
terms are significant, which suggest the causality direction runs both Wénen there
is deviation from the twwariable equilibrium system (USDX and nominal oil price),
changes in one variable would cause lomg adjustment from the otheo that the
system could revert back to the equilibrium state. For the USDX, the daily adjustment

rate is-0.0022, hence, if the deviation from equilibrium caused by nominal oil price
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changes in last period is 1%, the lemm adjustment to USDX would be&%® on
monthly basis keeping all other things constant. While for nominal crude oil price, the
adjustment rate i80.0029, hence, only approximately.8% of adjustment in hominal

oil price would be achieved in one month. Obviously, the nominal oil psiceore
sensitive to the change of USDX than USDX toward nominal oil price.

In Table 3.12 the error correction term is not significant in the first ECM
specification, and in the second ECM specification neither the one period lag of USDX
nor the nominal pce are significant, which means for the period 22020 longrun
dynamics from nominal oil price to USDX is broken and the reverting process to the
equilibrium is not supported by the data; that is to say, when there is a change in nominal
oil price, the system may deviate from the equilibrium over the subsample period.
Meanwhile, fromTable 3.16 one can still see the lofrgn adjustment from U.S. dollar
to nominal oil price is still supported by the data. Given the-lomgdaily adjustment
rate -0.0104 1% deviation in last period would result in roughB1% adjustments
toward equilibrium within a month for the subsample period. It can be seen for the 2002
i 2010 period the impacts of changes in USDX on nominal oil prices are larger than that
for the ull sample period. This finding seems to support the claim that for the past
several years the steady oil price increase is also a result of weakening U.S. dollar.

The EngleGranger tests on the other twariable system-real oil price and

USDX-- for the full sample period are reported imfles3.5, 3.6, 3.9 and3.10. I'tds not

° Since the daily data are used for the analysis, and the first difference of log of the variable can be
interpreted as percentage change of the variable, the coefficient of error correction term represents the
daily adjustment rate, and the monthly adjustment can be got by multiplying 20 (5 business days a week
and 4 weeks a month).
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surprising to see that these two variables are alsntegrated at 1% significance level

and the corresponding adjustment rates are generally larger in magnitudes than those i

nominal oil price cases. Specifically, the adjustment rate for USDX from real oil price is
just slightly higher than that from nominal oil price, which means the dynamics from oll
price to USDX is roughly the same no matter the oil price is in nominadabrterms.
Meanwhile, the adjustment rate for real oil price from USDX is much higher than that
for nominal price, which suggest the equilibrium between real oil price and U.S. dollar
could be achieved much faster than that between nominal oil pricd.&ndlollar. The

slow adjustment rate of nominal oil price implies more persistent impacts of shocks and
hence higher volatility and this can be seen from FigBr&sReal world traders in the
crude oil market are more concerned with the real price @nanodity, hence, when

the value of U.S. dollar (the denominated currency) changes the nominal price of this
commodity would change accordingly so that the equilibrium between real price and
U.S. dollar can be achieved. Tab®%$3, 3.14, 3.17 and3.18 list the test results on the

real oil price and USDX for the subsample period. Similar to the full sample scenario,
these two variables are-autegrated over the subsample period and the adjustment rates
are slightly larger in magnitudes than those in nofrorgrice cases.

The significance of dummy variable (DummyO05) in fiss¢p ceintegration
regressions (both forward and reverse regressions) and also the faster adjustment rates
for the subsample period (202010) show that the dynamics between W8llar
index and crude oil price (hominal and real) experience some structural change since

year 2002, which confirmsur previous observations fronigkres3.1 and3.3.



43

Another finding worth mentioning is that for the full sample period, the
coefficientsof determinationY ) for the reverse regressions, which take the value of
72% for the regression of nominal oil price on USDX and 67% for the regression of real
oil price on USDX, are much higher than those of the forward regressions, which take
value of 33.5% for the regression of USDX on nomimal price and 36% ofthe
regression of USDX on real oil price. For the subsample pelodor the reverse
regressions are 85.34% and 80.62%, while for the forward regredsi@me 76.67%
and 73.38% respéively. These findings may suggest that variation in U.S. dollar has
more power in explaining the changes of oil price than thprmé with respect to U.S.
dollar even though the dynamics between these two variables run both ways most of the
time.

Co-integration in a twevariable system implies at least emway causality
direction. The Engl&ranger tests conducted above assume two variables under
investigation jointly endogenous, so the ECM test is carried out in both directions. In
most cases the dymacs between oil and dollar run in both directions, except in the one
subsample case where the error corredom from nominal oil price to USDX is not
significant. To further investigate the direction of causality between oil and dollar,
Granger causay tests with different lags are carried out to all the data series for both
full and subsample periods. The correspondingdWests results are listed inallle
3.19. These results are consistent with the analysis above using ECM. The Granger
causality uns from U.S. dollar to nominal oil prices for the full sample period no matter

how many lags are included, while for the subsample data, Granger causality is
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significant at 5% level only when 10 lags are considered in the VAR model. Meanwhile,
nominal oil price also Granger causes U.S. dollar index. As for real oil price and U.S.
dollar index, the Granger causality also runs in two directions for both full sample and
subsample periods. These results also support the conjecture that oil price and U.S.

dollar are jointly endogenous.

DYNAMIC MODEL OF OIL AND DOLLAR: ROLE OF CHINA

This section revisits Krugman (1980) and extends the model to &divgry
dynamic partial equilibrium model. Some detailed analysis is dedicated to the role that
China plays inboth crude oil market and U.S. dollar denominated assets market,
especially U.S. bond market.

On July 15, 2009, théPeople's Bank of Chinannounced China's foreign
exchange reserve had reached $2.132 trjlllon far the largest holders of foreign
exchange reserves and the first time a country had surpassed the $2 trillion benchmark.
Meanwhile, China shows great interest in holdin§.dollar denominated asset. Among
Chinaos huge $800f5ibiliondhdve beensirevestect in .8l treasury
secuities and China has become the biggest holder.8fpuiblic debt Up to July 2009,
among all the American debt owned by foreign hold€&&, i nads holfdri ng acc
23.35%, Japan owns 21.13%, oil exporters own 5.52%, and Russia owns 3 #4%

July 2005, China moved to a managed floating regime against a basket of currencies

although the open window for floating range is quite snhadernationaMonetaryFund

2 Source of datahttp://en.wikipedia.org/wiki/United_States_public_debt
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(IMF) 2008 classification of exchange rate Regimes and Monetary Policy Fram&works

|l ists Chinabs exchange rate regime as MAcrav
peg arr apog dMaye20,t 2007, Kuwait discontinued pegging its currency
exclusively to the dollar, preferring to use the dollar in a basket of currencies. Syria

made a similar announcement on June 4, 2@iina and OPEC countries adopt similar

foreign exchange rate regime and they all seem to prefer dollar dominated assets.
Meanwhile, n September 20Q0%hina, India and Russia said they were interested in

buying IMF gold to diversify their dolladenominated securitiek. seems there may be

some change in the future with regard to th
denominated assets. The major task of this section is to see how China, Russia and
OPEC6s portfolio preference over Ameri can a
exchange rate changes.

Unlike OPEC, China is an oil importing country a@tin®d s gr owi ng econ
al so enhances t he countryos depenedy nce or
Information Administration (EIA) Chinaconsumed an estimated 7.8 million barrels per
day (bbl/d) of oil in 2008, making it the secaladgest oil consumer in the world behind
the United StateChi na 6 s n ewere approximatehp3® millien barrgier day
(bbl/d) in 2008, making it the thirthrgest net oil importer in the world behind the
United States and Japan. EI'A forecasts tha

grow during 2009 and 202@hile the recession may still haunt the world ecogoand

™ http://www.imf.org/external/np/mfd/er/2008/eng/0408.htm
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in a foreseeable future Chinads ®dempteendency
other hand, Russia is a major POREC oitexporting country, so far the second largest
oil-exporting country in the world after Saudi Arabia, also Russidshallarge volume

of dollar-denominated assets. The inclusion of Chinaespecially relevant since a

number of large emerging countries tend to follow similar exchasigestrategies as

China At the same time, inclusion of Russia in this study is ingmbiin the sense that a
nonOPEC major oil exporting country with managed floating exchange rate regime may

have different impact on the dynamics between oil and dollar from China and OPEC.

Euro are&’ (or euro zone) is included in this model as a majbimporter and
industrialized economy. The exchange rate between euro and U.S. dollar is treated as the
price for dollar.

Suppose the world consists of 5 countries/regions: US (U), Euro Area (E), OPEC
(O), Russia (R) and China (C). US, Euro Area, Chind Russia sell manufactured
goods to OPEC and each other, while OPEC has a single export product, oil. The price
of oil is assumed to be exogenously determifiadd denominated in U.S. dollar. There
are two sets of market: goods market and asset markite Igoods market, industrial
products and oil are traded internationally and in the asset market there are two assets:

dollar-denominated assets denoted by D and-dermminated assets noted by E. Two

2 Country Analysis Brief8 China, July 2009, EIAhttp://www.eia.doe.gov/emeu/cabs/China/Full.html

13 Euro area is an economic and monetary union of 16 European Union member states which have adopted

the euro currency as their sole legal tender. It currestthsists of Austria, Belgium, Cyprus, Finland,

France, Germany, Greece, Ireland, Italy, Luxembourg, Malta, the Netherlands, Portugal, Slovakia,

Slovenia and Spain.

“For the first part of the theoreticwonU3ndotlael di scus
Hence, exogeneity of oil price is assumed to simplify the model construction. For the second part where

the impact of US. dollar on oil price is discussed, this assumption is relaxed and the corresponding oil

demand function for each couy is defined then.
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exchange rates exist in the model: euro dollar pfdd.S. dollarV,,and Russian ruble
price of U.S. dollaV,,. Since the floating window of exchange rate of Chinese
Renminbi (RMB) against U.S. dollar is only 0.3%, in this model China and OPEC are
still assumed to petheir currencies to the dollar. Therefore, the bilateral exchange rate

of RMB against euro and Russian ruble would be decided, pgndV,,, respectively.

The trade balancek (i = E, U, R, C, O) are all measured in U.S. dollars. The bilateral
trade account8,, (m=EU, ER, EC, UC, UR, RC) are functions of bilateral exchange

rates which are measured in.9J dollar, and only include revenue rggated by
industrial products trading. In this study trading of oil among all these countries are
calculated separately. The trade accounts of each country are defined as following:

Euro Area:
Te = Bey (V) + Bec (Veu) + Ber(Veu /Viy) + G (Veu) X - R (Ogo + Ogr) (13)
where X is total volume of OPEC importsagdi s share of OPECG6s spe
area industrial goods. It is normal to assume gja® 0, which means when euro

depreciates the EU goods become less expensive, adtaegsorts of EU goods would
increase.P,, is real price of oil deflated by .8. GDP deflator.O., and O are oil
imports of Euro area from OPEC and Russia, respectively, which are assumed to be
detemined exogenously. It is also assumed tBat >0, B.. >0, B, >0. An increase

in V,, and/orV,, represents appreciation of U.S. dollar and depreciation in euro and/or
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Russian rubleV,,/V,, is the euro dollar price of Russian ruble and increase of this value

means appreciation of Russian ruble.

United States:
Ty =+ Bey (Veu) + By + Bur(Vi) + G (Veu) X - By (Quo + Q) (14
whereB . is the bilateral trade account between US and China, which is exogenously
determined for the exchange rate of RMB agains®. Wollar is predetermined by

Chinese financial authority and is fixeg,(V,)i s share of United St a

imports,and it is obvious to sngi(\/eu) <0.0Q,, and O, are exogenous oil imports of

US from OPEC and Russia respectively. To make the model more realistic, this
restriction will be relaxed later to introduce thiecp elasticity of oil demand of each
country/region into model.

Russia:
Tr = - Ber(Vey /Viy) + Bre (Vi) - Bir(Vi) + Gr (Vi) X + By (Ogr + Qup + Ocr) (19
whereg,(V,,) i s share of OPECOGs imports spending
which is a function of exchange rate of.SJ dollar against Russian ruble and
g:'V,,) >0. O is oil import of China from Russia.

China:
Te == Bec (V) = BreM) - Buc + G (Va) X - R (Oco +Ocr) (16)

OPEC:

To = F%n (OEO + QJO + Oco) - X (17)
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Let O, =0, +Q,, + Oy, Which denotes the total oil exports by OPEC. Similarly, the

total oil export of Russia can be expressedOgs: O +Q )z +O.r. Also, we have

o +ot+o =1

Foll owing Krugman

according to its income level:

dX

Y:/(F%noo' X),0</<1

(1980) ,

OPECOs

(18

mport

Since it is assumed that there are five countries/regions in the world, we must have the

following equality: To +T, +T; +T. + T, =0.

In assets market, each countegfion chooses to hold dolfdenominated asset D

and also eurglenominated E to optimize their international portfolio. They will choose

to buy D when dollar depreciates and sell when it appreciates. Hence, it is assumed that

there is no arbitrage and U®lts a fixed dollar value of euro in its portfolio and Euro

zone countries hold a fixed euro value of dollar asset in its portfolio. Russia could hold

both euro and dollar assets and keep a fixed ruble value of these two kinds of assets.

Euro Area:
: dD dv,
D.V,, = constant, or equivalently— =- —
DE Veu
Us:
: d dv,
E, /V,, = constant, or equwalentlyi =—=
EU Veu

Russia:

(19

(20
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Vru
Ex (\E) + DRrV,, = constant, or equivalently

Vru Vru
dE.(—)+E.d(—)+dD, +D.dV,, =0 21
ER(Veu) R (VeU) R R ru ( )

Rearranging equatiof21), we get:
L — — 0 0 — (21.1)
For OPEC and China, it is assumed titety would allocate fixed share of their
net foreign reserve in euro and dollar assets. These assumptions are made based on a fact
that current account imbalances of these industrialized countries will have to be met by

capital flows from OPEC and Chinaet a, and a. be the share of dollar assets in

OPEC and Chinads international asset portf

constant. Also let\, andW, be the wealth level of OPEC and China measured in
dollars. Then we have:

W, = Dq + Ey/V,, = Dy +(1- 2o)W (22)

W, = Dg +Ec/V,, = D +(1- acWg (23
Taking frst difference of equations (22) and J2%e get the rate of change of OPEC
and Chinads wealth over ti me:

dv,
AW, =T, - (1- @ =

eu

(22.1)

dv.
dV\é :Tc - (1' ac)Wc -

(23.1)

eu
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Hence, change in wealth level (measured i8. dollar) is equal to trade balance plus
exchange rate variation effects on edemominated &&t. Next, capital account balance

of Euro Zone is established. Given the facts that fixed portions of wealth of China and
OPEC are invested in.B. dollar denominated assets, the following equations can be

derived to express the net demand of euro deretednassets from China and OPEC:

— p I Quw p | G —
Pl Y Pl Ow— pl W (24)
— Pl Qun p I ® —
Pl Y Pl O— pl (25

Continuous capital flow into Euro Area would cause changes in continuous exchange
rate, and vice versa. Net capital flow into Euro Area denotel aseasured in US

dollar is equal to purchases of euros by US, Russia, China and OPEC minus purchase of
dollars by Euro Area countries:

. =dE, /V,, +dE,/V,, +dE. /V,, +dE, /V,, - dD,

eE, 2
—eV—+D e tao(l- agW, +ac(1- ac)WCudVe“+(1 ag)To +(1- a.)Te
0 Veu
26
- Ex d—R-dD + Dy dvi, =(1- ay)T, +(@- ac)T. - - (Dg + Ex )dV (29)
VI’U VI'U I'U
2Eg, dV,,

eu

VvV, . : . .
where R=-—" is the arbitrage free exchange rate of Russidole against euro, the

eu

ruble price of euro. The change of R is decided by changeg, oénd/orV,,
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dr= N Vi DV , equivalently, we haved= Do - DVer g equilibrium
VTU VE‘U VeU R VTU VeU

exchange rate is determined by the balance of payments equilibrium for Euro Area, that

is Tz + K; =0 and hence, we have:

E;,dV.
dv. 1- ao)To +(@- ac)Te - dDg - (Dg + ) = +Te
eu — _ eu ru 2
Veu D. +a,(1- a, )W, +a.(1- a 2Eq 2
E O O (0] C C

eu

Similarly, we Cc an aeccount malandecandnderileStitesnet capitali t a |
flow into US as:
y =dD; +dD, +dD, +dDy -dEU/V

—-D( e“) ao(1- o)W( e“) ac(1- c)W( e“)

+tacT; +agl, +dD; - Vi(_v ) (29

eu eu

dV.

eu eu

+a.T. +agT, +dDg
In equilibrium T, +K, =0, the rate of change in exchange rate of euro against dollar
is:

dV,, _ agly tacl. +dD, +T, 29
V,, Dgt+as@-aW,+a-.@l-a.)W. +E,/V,,

Since it is assumed that US keeps the -@l@mmominated assets in US dollgg /V,,

constant, the rate of change of exchange rate of US dallélustrated by equation (29
only dependsmmtrade balance of each country and their investment portfolio preferences

over the two assets.
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Next the impact of oil price on 8. dollar exchange rate in both shoun and
also long run perspectives cha derived based on equation (27) or)(28d (14). By

taking first derivative ofd\,,/V,, with respect toP, based on equation (9ve would

get the shorterm effect of oil price on U.S. dolladV,,/V,,)/ P, :

O, - @c(Og +Og) +U(dDR) /WP, - (Oyp +Oug)
DE +a0(1_ aO)WO +ac(1' aC)WC + EU /Veu

— C_)(l‘o(ao -acSco- suo)) - 6((1' [O)(aCSCR +SUR)) + U(dDR)/UPon (30
DE +ao(1' ao)Wo +ac(1' ac)Wc + Eu /Veu

u(dV,, V) P, = 2o

wheres.,i s share of Chinab6s oil I mposyis from O
share of American oil i mport sf;iscimre OfPEC i n
Chinabds oil i mport from Russsais shate oRussi an

American oil import from Russia in Russian total oil export. Qebe the total world oil
export andz, = O, / O denote the market share of OPEC in world oil export market.
Without China and Russia, equation (3@uld reduce to:

6(ao B Suo)

dav, /V ) /U, =
IJ( eu eu) “R)ll DE +ao(1_ ao)WO + EU /Veu

(30.1)

It is obvious that the shoertun effect of cilondollad e pends on OPECG6s pref
dollard enomi nated assets and the share of Uus
OPEC prefer dolladenominated assets to the other assets, then U.S. dollar would
appreciate in the short run following oil price increastberwise it would depreciate.

With the introduction of China and Russia into the model, it can be seen that

asset investment strategies of OPEC, China, Russia, and also oil import shares of China
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and US from OPEC and Russia, respectively, would altiaffleortterm rate of change
of US dollar exchange rate. The role of China and Russia in-ghoil and dollar

dynamics is a little bit complicated. Since in the shont wealth of each country is
predetermined, the impact of oil price on exchange o&te.S. dollar expressed by

equation (3D would basically depend on the numerator. The te D)/ P,

represents Russiabs investment preference ¢
oil price rises, in shonmun Russia would increase itsvenue and if wealth transfer
makes Russia invest more in3Jdollar denominated assets while keeping all other
factors constant, U.S. dollar would appreciate otherwise it depreciates. Meanwhile, if the
share of oil exports by OPEC increases while tlierése in real oil price, in the shert
run the US. dollar would appreciate keeping all other factors constant, since OPEC
allocates fixed proportion of their net foreign assets.® tollar assets.
The term (f5(ag - @cSco- Suo)) - (- t5)(@cScrtSyr) tells an interesting
story about wealth transfer following an oil price change. First this term can be rewritten

as the following:

([o(ao - A8cSco- suo)) - ((1' to)(aCsCR+SUR)

(3D
:[oao - roacsco' tosuo - (1' ro)aCSCR_ (1‘ tO)SUR

When oil price increases by one unit, in the shantdemand of oil is assumed to

remain the same for it takes time to adjust the consumption behaviors, hgvfcthe
increased oil revenue would go to OPEC dnd,would go to Russiat,s, now

represerg the wealth transfer from US to OPEC dhd?,)s  is the wealth transfer
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from US to Russia, whilé a, represents the money that comes back to U.S. capital

account from OPEC by their investment on detlanominated assetBue to an oll

price increase, China invests less on dollar assets by exact anigapks., and

- ty)acs cg, While the former amount goes from China to OPEC and latter goes from
China to Russia. If  the net demand for dollar assets
l[odo - 1o8cSco- (L- t5)acsScr +W(dDR)/ WP, from OPEC, China and Russia exceeds
the actual need for foreign capital in US, expressed By, + (1- ,)S &- AS a result,

the US. dollar would appreciate. Of course, if the flow of foreign capital into US fails to
meet the actual need, theSJdollar would depreciate.

The longrun effectdV,,/dP

oil

can be derived from equations3j1(14, (15) and
(16) by settingdX/X =0,dV,,/V,,=0and0 Y 0. First, in the long run at

equilibrium the wealth of China and OPEC are endogenous; second it is assumed the
balance of payments of OPEC is zero, that is to"8ay 1, and this is equivalent to

state that OPEC will spendl ghe trade surplus from oil price rise on industrial goods
from other countries; third, in the long run at equilibri@@ 1, that is at equilibrium

the value of denominated assets held by Russia will stay stable; forth, for US and Euro
zone the sumfdalance of payments and capital accounts is zera) say”Y mand

0 Y T finally, the change of independent exchange rate is zero at equilibrium,

—— 11 Based on equation (28 Y mleads to:

Y Y m (32)
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Taking first derivative of equations4) and (1§ with respect t@ yields— and

—, then substitutéhese two terms intequation (1#and rearrange all the terms to:get

0 (33
where,, _— , T p 1T ., , represents the share of oil imports of
China in world oil market,and ~~——— , ¥ p t ., isthe share ofib

imports of US in the world oil market.
First, it can be seen th#te denominator in equation (33 positive simply by
assumptionsB,, >0, B.. >0, g,'(V.,)<0 and g./(v,,) <0. Before we proceed to

detailed analysis of this equation, we can see that in the abse@tena and Russia,

equation (3Bbecomes:

5 (34)

This is exactly the case studied by Krugman (1980). It is easier to see that the sign of

I » would determine the direction of the movement of U.S. dollar exchange rate
following an oil price change. When the shard u. S. goods in OPECO
industrial goods is larger than the share @.Qil imports in world oil market, the dollar

would appreciate following oil price increase, otherwise it would depreciate. In a three

country setting, it can be seen thabd-run and longrun effects of oil on dollar depend

on different factors. Inthe shartun it i s OPEC6s portfolio pr
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of doll ar directly while in the |l ong run |
determine direction ofalar movement together with.8. oil imports share.
In a five-country setting, the lorgun effect of oil price on the dollar depends on
the sum of two terms. Fdhe first term in equation (33the sign depends on just the
numerator, [ T r t , . It is worth noticing that the indicator of
OPECOGs pr ef &rddlar deeommatesl ass¢ts does not enter intequation
(33); instead, the shares of industrial products purchased by OPEC from the US and
China together with Cham0 s pr e f e r edemominated a&ssets dre affecang
the dynamics between oil and dollar directly. Suppose that OPEC is the only oil exporter
in the world or the share of OPEC oil is very close to 1, then this term can be reduced to
| T ” I » . Ifthe share of industrial products bought by OPEC from US is
larger than the share of the oil imports of US, and if the similar situation also applied to
China, then this term is positive. Keeping other factors constant, oil price increalse w
cause the U.S. dollar appreciate in the long run; on the other hand, if OPEC prefers to
buy industri al products from other countrie
buying of oil from OPEC is al soomChinager t ha
then oil price increases would cause dollar to depreciate in the long run while keeping
other factors constant. Another interesting scenario is to check what happens when the
signs off ¥ , andf t , are opposite. Wheh t 11, which means
OPEC buys more of U.S. dollar denominated assets than US products, at the same time
OPEC buys more from China so that in thelend t rt . TC as a

result, the dollar would still appreciate following oil price inaeaotherwise, U.S.
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dol I ar woul d depreciat e. Therefore, in th
behaviors and also portfolio preference would affect the dynamics between oil and
dollar.

The second term in equation 33 i s about Ruall andaldlaa r ol e
dynamics. It can be seen that the signdbof | 6 is negative ford mand
0 M. 6 m means when |$. dollar appreciates agait Russian ruble, the
bilateral trade balance between US and Russia would deteriorate (less export of US

goods to Russia). Whevj, i ncr eases|, Chinabés currency wou

pegged to U.S. dollar; as a result, bilateradé balance between Russia and China

would increase in favor of Russia, henge, T In the end, the sign of the second
term would depend on the sign ef—. When oil price rises, Russia could improve the

countryo6s c uordingly theredocec Russiart rubke cocld appreciate; on the

ot her hand, i f Russianods current account

intervenes the exchange market— could also be negative. Figurell shows that

Russian rublenoves almost in parallel with U.S. dollar index and the variation of ruble
is relatively small compared with U.S. dollar index and nominal U.S. exchange rate
against euro.

In summary, equation (33hows that longun impact of oil price change on
U.S. dbllar exchangerasked epends on Chinaébés portfolio pr
products imports from different countries,

Russia ruble exchange rate movement. It can be seen the roles played by two major
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emergingcountries: China and Russia are critical in the oil and dollar dynamics both in
short run and long run perspectives.

So far in this theoretical model, the oil price is assumed exogenous. To
investigate the impact of U.S. dollar on oil price, this restm needs to be relaxed. The
following section is dedicated to discussion on causality running from U.S. dollar to oil

price. First, the oil demand function of each cour@yi = E,U,C) is assumed as the

following:

0 0 —& (35
0 0 —® © (36)
0 0 —O ® (37)

- Tis the price elasticity for each @ihporting country®, and—('@E,U,C) are the
energy intensity parameters for these induc
dependence on energy consumption(Q=E,U,C) represents aggregate dechaf each
country. Equations36-37) suggest that e achahgewaulddepends 6s oi
on their energy intensity and also aggregate demand keeping oil price constant.

As for oil supply, different supply elasticity parameters are assumed for OPEC
and Russia due to the fact that OPEC countries set quotas for oil producicn d Ru s si a0
economy is more markeriented. It is obvious to see that oil supply elastitifpr
Russia is larger than supply elasticitfor OPEC. Therefore, the oil market clearance

condition means:

*Due to fact that both longun and shortun price elasticity of oil demand are very low according to
Cooper (2003), we assume the same price elasticity for each economy.
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0 —O W —0 W +—O W (38)
Differentiating equation (38with respect ta , we can get the impact of dollar on oil

price:

D (39

From equation (30we can see that the sign of leng effect of U.S. dollar exchange

rate on oil price is determined hiffe term—& —&® —&. Whenw increases

(U.S. dollar appreciates)) would increaseo 1. Similarly, we can se®  mfor

when doll ar appreciates, Uu. S. economy woul
currency is peggetb U.S. dollar, the appreciation of dollar also implies appreciation of
Chinads currency. As a r esuldt ,m Withoutth@ds e c o |
inclusion of China, the sign of the impact depends on whethgris larger or smaller

than —& . In other words, if the economy of euro zones is more sensitive to
depreciation of euro dollar against U.S. dollar (due to high reliance on export), oil price

could rise as a longun effect from U.S. dollar appreciation. Otherwise, the oitepri

would decrease if U.S. economy suffers more from the dollar appreciation. While in this
5-country model, it s obvious to see that emergence of China enhances the right hand
side of this equati on. -ofntedard thE énergy@rsity ec onor
of the country is also very high due to low technology level, it is natural to assume that

— —® — . Therefore, depreciation of U.S. dollar in the long run would
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cause rise on oil price and vice versa. This is consistéht aur earlier empirical
findings.

In thefirst part of this Gapter a composite index of U.S. dollar is used instead
of the U.S. dollar exchange rate against euro and this is because the theoretical model
simply assumes the world economy consisterdy five countries, hence the exchange
rate between U.S. dollar and euro would yield the equilibrium price of U.S. dollar, given
the fact that Russian ruble is not independently floating. In reality, evaluation of U.S.
dol I ar 6s per f or rataohindeperidently dldating surreacied) thexrdfore
investigation of the dynamics between the dollar and oil price, which is also the world
market price, needs to be carried out to data series which reflect the overall world
economy. As a matter of fact,efguantitative findings presentedthe first part of this
studyare quite different from those Be nassyQue’re et al. (2007), which uses real
U.S. exchange rate against euB@ nassyQue're’et al. (2007 find that real oil price
Granger cause redél.S. dollar exchange rate while the exchange rate fails to Granger
cause the oil price. Meanwhile in our study we find the Granger causality runs in both
directions,and this can also be seen frongufe 311 that the movement of nominal
exchange rate beeen U.S. dollar and euro is quite different from that of the composite

U.S. dollar index over the period (2001/01302009/10/09).

CONCLUSION
This study examinethe interactions between crude oil price and U.S. dollar by

use of time series analysis methand a partial dynamic international portfolio model.
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Engle-granger cantegration tests and also ECM results show that U.S. dollar index and
crude oil price (real and nominal) are-iotegrated for both full and subsample pesiod
Also Granger causalityuns in both ways between U.S. dollar index and crude oil price
(real and nominal) for both full and subsample peziddifferent adjustment rates
toward U.S. dollar and oil price shown in the ECM results suggest that oil price reacts
more rapidly to vaation in U.S. dollar than U.S. dollar to oil price, for performance of
U.S. dollar is determined by economy in whole.

The interesting finding that for subsample period the dynamics between oil and
dollar is quite different from that of the full sample ipdrsuggests that world economy
goes through some structural changes due to these newly emerging economies such as
China and Russia. As shown by theduntry partial equilibrium dynamic portfolio
model, introduction of China and Russia does change thanmdgs between oil and
dol l ar. Chinads role in the causality from
and it enhances the role of U.S. economy in this simple theoretical model. While for the
other direction of causality from oil pricetoU.Sd | ar , f actors such as
preference over U.S. dollar denominated assets and euro dollar denominated assets,
OPECOGs industrial products i mp®and Chioma ag f
oil imports and Russiaruble exchange ramovement determine the changes in U.S.

dollar all together.
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CHAPTERIV

SPECULATION AND ENERGY COMMODITY MARKETS

INTRODUCTION

This Chapter focuses on the role of speculation in two major energy commodity
markets: global crude oil marketnd U.S. natural gas market. An empirical test
i ncorporating both market fundamentals and
market is carried out to investigate if speculative activities contribute to the price
deviation beyond the fundamentalues.

The debate over bubble and Aoubble in commodity future markets has raised
interests among industry practitioners, policy makers and also academic researchers.
Bubble theory supporters claim excessive speculative activities in commodity future
markets a& responsible for the 2008 commodity price spikes, especially in the
crude oil market. Eckaus (2008) claims the sharp crude oil price increase seen in 2008 is
a result of speculative bubble. Robles, Torero and von Braun (2009) argue that
speculative etivity in the futures markets may have caused increasing agricultural
commodity prices in 2062008. On the other hand, some researchers report limited
empirical evidence to support this assertion, such as Pirrong (2008), Sanders, Irwin and
Merrin (2009),etc. The outcome of this debate is important in the sense that pricing
efficiency of futures markets can be in serious doubt if speculation does distort the price
away from the level supported by market fundamentals, as a result, the economy may

respond @ misleading price signals. From the polityking perspective, the call for
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more regulation in commodity future markets is only justifiable if speculation is really
the evil to blame.

Crude oil market may be one of the most important commodity future markets,
given the fact that crude oil accounts for 40% of the total world energy consumption,
and crude oil price has been viewed as one of the major indicators of world economy.
Crude oil price movement is subject to fundamental economic factors effects, geo
political influence and possibly speculative noiseom year2002 up to Jun008,
crude oil price has been characterized by high volatility, high intejusitgs, and strong
upward dift. Meanwhile, the abrupt drop abil price ever since July 2008 also
overwhelmingA natural question arises: Do fundamentals account for all these dramatic
price changes? Or some other factors such as speculation may also be responsible.

Fundamentamarket factors that affect the price of crudeindlude rigid crude
oil supply,f ast expanding demand and inventory Ve
market power has been supported by empirical studies, such as Kauffala(2@04).
Studies such saCooper(2003) found demand plays a crucrale in crude oil price
change Meanwhile, sme researchers such as Davidson (2008) and industry
practitioners, even U.S. Permanent Senate Commiti@ee claimed that excessive
speculations may account for teearp changes in both prices and volatility of energy
market.

Speculationin definition is the assumption of the risk of loss, in return for the
uncertain possibility of a reward. Signs that speculation mayemat oil market

include:
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1. According to IEA,oil future prices have increased by 86 per cent from y@ar 2
to 2008, while world consumpticior oil has increased by approximately 2 per
cent.
2. OECD commercial oil stocks remain above the fpear average, with days of
forward cover at a comfortableviel of more than 53 days.
3. $260 billion is invested in commoditgdex fundsup to year 200820 times the
level of 2003°.
Of course, there existpposite vievg on speculatiot o drhe Oii Nonrb u b bl e 0
by Krugman in NYTIMES (May 12, 2008) claimed sindeér e i s no sign of
supplyo existing anywhere in the world, spe
instead the market fundamentals &®me empirical studies such as Pirrong (2008)
claim that increase in speculative stock of commodgeen in 20096 period at best
can be interpreted as a necessary but not sufficient condition for the existence of
speculative price distortion. Bryant, Bessler and Haigh (2006) analyzes eight futures
markets including New York Mercantile Exchange (NYMEXX)de oil over the sample
period March 21, 1995 through January 8, 2003 and found the net positions of large
hedgers (calculated as the number of open long futures positions minus the number of
open short futures positions held by large hedgers) negatieelelated with the crude
oil weekly return. Also it is found that the net position of large hedgers causes the crude

oil weekly return for the sample period. However, no statistically significant correlation

8 Michael Masters, in testimony before the US Senat®ay 2008 estimated that assets allocated to
commodity index trading strategies rose from $13 billion at the end of 2003 to $260 billion as of March
2008. These funds hold a portfolio of nearm futures contracts (70% of these contracts represent energy
prices) following a trading strategy of selling the expiring contract the second week of the month and
using the proceeds to buy the subsequent month contract.
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between innovations from volatility of credil price and large speculator activity is
found and both hypotheses that large speculators activity and small trader activity cause
crude oll price volatility are weakly rejected.
Investigation carriedout in the second Qapter of this dissertation orthe
dynamics between U.S. natural gas spot price and relevant market fundamentals found
that fundamental factors can only explain overall 45% of the price variations over the
sample period frondan. 2, 2004 to June 26, 2009. For the rest of the variatchw
cannot be explained by market fundamentals, it can either be caused by pure shocks or
speculative trading behaviors. The answer to this question is helpful in the sense that if
speculation does play a noticeable role in U.S. natural gas marketgtidetisions
based on fundamentals need to be adjusted by the expected or conceived speculation
level in the market. Thisstudys es trader sdé po$e Commaditydat a r
Futures Trading Commission (CFT@nd also the fecast errors obtained from Chapter
Ito explore the potenti al prediction power
Following this introduction, a brief review of theoretical discussion on
speculation and price stabilitg provided Then existing empirical studies on bubble
theory in crude oil and U.S. natural gaarkets are reviewedn empirical test on the
prediction ability of +trader gsGarrieceduang os i t i o1
conclusios with regard to speculatos 6 r o | e igas arld cr&e oilmarkets ara |

drawn
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SPECULATION, HEDGING AND PRICE STABILITY

The traditional theory of speculation viewed the economic function of
specudtion as the smoothing effect fprice-fluctuation caused by changes iranket
fundamentals, such as supply and demand shifts or shocks. It assumed that speculators
have better than average market foresights; therefore, trading actions by these
speculators would help better reallocate economic resources and stabilize ptiyvola
Speculators may step in the commodity market as a buyer if they correctly perceive the
market is experiencing ovsupply at current time point or seller when supply is short of
demand. When this is the case, speculators gain profits by sendiggathe from less
important uses to more important ones. Kaldor (1939) argues speculators with worse
than average foresight may also magnify the price fluctuation and increase volatility;
however those speculators would be speedily eliminated by the ni@arkbey cannot
make a profit. Only those speculators with better market forecasting ability can remain
in the market permanently. This traditional theory also implies that supply and demand
created by speculators is relatively small compared with thedetaand and supply.
Speculative activity may affect the range of price changes, but cannot reverse the
direction of the change.

Another traditional theory on speculation is proposed by Kegi&36)and later
elaborated by Hick$1939) which emphasize spc ul at or sd wi |l l i ngness
trading. The existence of speculators transfers price risk from moraveske traders to

less riskaverse traders and hence provides some level of insurance in the market.
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With the introduction of future marketfor both agricultural and industrial
commodities, roles of speculative activities in these markets start to gain motemtten
from researchers. Price discovering in commodity futures markets links expectation of
future spot prices and current spot pridegether and storage decisions from both
producers and speculators play crucial role in commodity pricing behaviors. To deal
with wuncertainty of prices, forward/ future
risk premium from total carrying cost ohventory by hedging activity. Holding
i nventory can bring the producers Afconven
forward/future contract, stocks holders are able to transfer the risk attached to the stocks
to buyers, meanwhile, they also need give thp convenience vyield brought by
inventory.

Within this framework, Kaldor (1939) establishes a formula to measure the
degree of price stabilizing influence from speculative activity denotéd by
Y Q- p (40)
Qis the elasticity of speculative stocks, which is defined as pagenthange of
speculativestorageas a result of a given percentage change in the difference between the
current price and expected future prieeis the elasticity of expectation, which is
proposed by Hickg1939)i n t he f amous book AValue and C
defined as uity when a change in the current price causes an -ggopbrtional change
in the expected future price. Obviously, the sighiYaf determined by sign of( p
since Q cannot be negative. This equation explicitly states that the

stabilizing/destabilizig effects of speculative activity are solely determined by the
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magnitude of expectation of price change. When there is change in market fundamentals,
market anticipation about future price would change accordingly, which could affect
current (spot) pricevia storage building up or reducing behaviors and also current
consumption. If speculators narrow the range of this change via speculative stocks, they
are stabilizing the price; otherwise, price volatility can increase.

Theory on speculation also evolvas the future markets of commodity and
financial securities become more and more important in whole economy. Harrison and
Kreps (1978) further develop the definition of speculation proposed by K¢léae)
and Keyneg1936)and st at e i ipeoulatigetbehavor ifehe hghtlha resell s
the stock makes them willing to pay more than they would pay if obliged to hold
forevero. They constructed a simple model
group of potential investors. Furthermore, somstictive assumptions aralso made
1), investors are partitioned into a finite number of internally homogeneous classes, each
class having (what amounts to) infinite collective weé&lh dl investors have access to
the same wstantive economic informan, although members of different classes may
arrive at different subjective probability assessmemtdh@ basis of that information
(this is due to heterogeneous expectation hypothesis);eBybers of each class are risk
neutral,so that any income stam is valued at its (subjective) expected present worth
Within this framework, Harrison and Kreps (1978) show that speculative phenomenon
can be Asharplyo seen in this kind of mark

reselling the asset at higherice.
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Tirole (1982) investigates the possibility of speculation in a dynamic asset
trading framework while assuming rational expectation equilibrium (REE). It is often
thought in the literature of speculation that the price of an asset in a speculatket
may refl ect both specul ative attributes an
market fundamentals. Two early works Sargent and Wallace (1973) and Flood and
Garber (1980) show that in a monetary model with homogenous information the
existerte of speculative value or price bubble is not inconsistent with rational
expectation assumption; furthermore, there even exist a positive possibility that the price
bubble would fAbursto at certain time and t
market fundamental value. Tirole (1982) shows that in a stock market with
heterogeneous information the price bubbles are martingales given that short sales are
allowed. In a stock market with homogenous information, the price bubble is the same
for all thetrades and has martingale property, no matter short sales are allowed or not.
This case is somehow trivial for homogenous information means all traders have the
same set of private information and price contains no extra information, and all the
tradersvalue the asset based on the same market signal. However, even in heterogeneous
information case, if the information revealing system is complete and traders can still get
the same market price signal, as a result, at rational expectation equilibriumcthe p
bubble would still be the same for all the traders. The corresponding REE for stock
mar ket wi t h heterogeneous i nformati on i s
decisions based on shoun consideration and they compare current trading

opportunitieswith the expectation of trading opportunities in the following period.
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Furthermore, Tirole (1982) proves in a fully dynamic rational expectation equilibrium
price bubble is zero no matter short sales are allowed or not, when traders maximize
their objectve function based on loAgin consideration.

Stein (1987) found that when more and msgpeculatorenter the market, their
trading behaviors couldead to improved risk sharingut could also change the
informational content of pricedn this study,the speculators are still assumed rational
but imperfectly informed. Therefore, the entry of these speculators introduces both noise
and information into the market, which obvioustylicts an externality on those traders
already in the marketf the newspeculators bias the price and make the price carry less
useful i nformation about the real state
inference based on market signals would be compromideel net restilcan be price
destabilzation and welfareeduction. This is true even when all agents are rational, risk
averse, competitors who make the best possible use of their available information.

Other than rational expectation equilibrium solutions, researchers also explore
the impacts of the noisy amrational trading behaviors on asset price movement in the
financial markets. De Long, Shleifer, Summers, and Waldmann &L990posed a
simpleovelapping generations model aéset markstin which irrational noise traders

with erroneous stochastic bels could affect priceschangesand henceearn higher

expected returns. The unpredictabepricety of

of the asset that preventgtional arbitrageurs from aggressively betting against them. As
a result, pricesan diverge significantly from fundamental values even in the absence of

fundamental risk.Hence, noisytraders can earn higher expected returns solely by

of
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bearing more of the risk that they themselge=ate.The key point is thataise traders

profit from their own destabilizing influence, and theéy notperform the useful social

function of bearing fundamental risls the traditional theory of speculation pasits

this paper, the authors also argue that if the opinions/beliefs of these noisy todider

a stationary process, there could still exist a mreaprting process in the asset price
movement, hence, the existence of stationary noisy trading behaviors in asset markets
may not affect the meameverting property of the asset price processnethough the

volatility of the price series could be increas&®k Long, Shleifer, Summers, and
Waldmann (1990b3 t udy r ati onal speculatorso trading
This paper arguein the presence of positive feedback investorsvell-informed

rati onal s pecul ajuropros theMmndiagon c hatots buck the h ain A
trendd. Rational speculators who expect some future buying by noise tradeid

choose tdbuy today in the hope of selling athegher price tomorrow. Moreovethe

buying behaviors of rational speculators would make positive feedback investors feel
more confident about future price increase and hence push the price further away from
the level which can be justified by fundamentals. As a result, rational apmsul

destabilize the asset price.

" As explained by De long, Shleifer, Summers, and Waldmann (1996sijive feedback investoare
those who buy securities when prices rise and sell when priced figée trading behavioan result
from: 1) extrapolative expectatiorebout prices, or trend chasing; fpploss orders, which effectively
prompt selling in response to priceclines. Aother commorform of positive feedback trading is the
liquidation of the positions of investors unable to meet margin calls.
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SPECULATION IN ENERGY COMMODITY MARKETS

Investigation of speculation in energy commodity markets cannot leave out
fundamental analysis, since there is no prior information about existence of noise
traders, rational ofrrational speculators in the commodity markets, and fundamental
values of the assets are the base scenario. By comparing real price series with price
levels justified by market fundamentals, researchers can derive how much the market has
deviated from thoretical equilibrium. If speculation really affects volatility or even
direction of price changes to a sensible level, one would expect that fundamental
conditions respond to these market signals in order for the price to revert to its
equilibrium level.

I n the case of the crude oil mar ket , a
the future markets could drive the producers to build up inventory or simply keeping oil
underground. Before any conclusion can be drawn about speculation, detailed look at
market fundamentals, such as supply and demand conditions need to be carried out first.
The crude oil market experienced steady price increases since 2002, and the market price
reached a historical high at $148/bl in June 2008. Several factors conttibtidsirise:

1), strong global oil demand, especially from newly emerging economies, such as China,
India, South Korea and Brazil; 2), oil supply disruption due to geopolitical turmoil-in oil
producing countries, such as Nigeria, Venezuela, Iran and3)aq;greater worldwide
awareness of peak oil, that is, crude oil as a depletable natural resource may have
reached peak and oil reserves would be exhausted soon; 4), weakening U.S. dollar; 5)

excessive speculation. This section is mainly dedicated sp#®ilation argument.
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In the literature, both fundamentatructure models and stochastic analysis have
been used to model the crude oil price dynamics. Fundamental supply and demand
models are developed to find the lenm equilibrium price for crudeilo Kauffman et
al. (2004) foundthat there is a statistically significant rélan among real oil prices,
OPEC capacity utilization, OPEQGuotas, the degree to whichP@C exceeds these
production quotas, and OECD stocks of crude oil. Further analysisatadithat these
variabl es 6Gr anger neta&cevasa Theseardsultoindicatephat ¢ e s
OPEC plays an important role in determining real oil prices. The negative relation
between price and production is part of thertegrating relatia for oil prices, not oil
production. The effect of OECD oil stocks on real oil prices indicates that the private
savings associated with recent reductions in inventories may be less than the social costs
associated with higher oil prices. Meanwhile, priceecasts of crude oil in both short
run and long run horizons utilizing market fundamentals are generally lower than
realized values as shown by Zyren and Shore (2002).

Krichene (2002) analyzes the tirseries properties @il output and pricesAlso
demand and supplyrice elasticitiesof oil are estimated for two sample period918
1973 and 19731999. He found thathe crude oil priceseriesbecame stationargespite
large price shocks in 19v3999,and oil price stayedt a higher levetiuring this period,
which was consistent witOPECp r o d untaketpowier and a likely increase in long
run average cost. Demand angppgly for crude oil were highly pce-inelastic in the
short run. However,@mand for crude oilinderwent a deep strucéll change in 1973

1999. Income elasticities werstatistically significantfor crude oildemand. Longun
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supply price elasticity focrude oil fell sharply after the oil shock, reflecting a change
from a competitive t@ marketmaker structureCooper (B03) investigates the crude oil
market from 1971 to 2000 and reports lang demand elasticities for crude oil @2
and shorrun elasticity of-0.05. The low price elasticity of demand of crude oil in both
short run and long run certainly would resuolt high price level given rigid oil supply.
Stochastic models have also been adopted to study the crude oil price series.
Pindyck (1998) models crude oil, coal and natural gas prices series asevedng
processes with very low rate of meaaverson and stochastically fluctuating trend, and
found that these models were promising for loug forecasting. For crude oil price
series, Pindyck (1998) uses data from 1870 to 1996 and found that the stochastic model
performs quite well in longun forecasng. Askari and Krichene (2008) fit several
different mearreverting processes with different kind of jumps and founddhgrices
attempted to retredtom major upwardjumps, and there was a strong positive drift
which kept pushing these prices updawolatility was high, which would makeoil
prices very seritsve to small shocks and new information arrivals
So far, empirical studies fail to provide a convincing answer to speculation in
crude oil markets. Sanders, Boris and Manfredo (2004) an#hgzelata released by
Commodity Futures Trading CommissignC F TsGQoramitments of Traders (COT)
repors for crude oil, unleaded gasoline, heating oil, and natural gas futures cotidracts
examine the roles played by hedgers and speculators in energyddynmarkets over
the period from October 1992 to December 1999. Detailed examination of the data

shows that the net positions of noncommercial traders (speculators) exhibit higher
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volatility than the other two categories of traders: commercial tradedgéins) and nen
reporting traders (small traders or small speculators). This means noncommercial
traders/speculators trade very actively, although they are not a large percent of the
marketparticipants. In botlil and gas markets, commercial traders dwte in terms
of total open interests over the sample period.

SandersBoris and Manfredo (2004onductGranger causality testsn market
return and net positions held by each category of traders. It is found pusitave
correlationbetween returnand positions held by noneonercial tradergxistsin all of
the markets. This means a positive return would lead speculators to increase their net
long position in the following period, which suggests this group of traders is positive
feedback traders oiollower traders. Also it finds thateturnslead net position®f
commercial traderand te impact is uniformly negative in both crude oil and natural
gas markets. Commercial traders in these two manketsase longositions as prices
fal. Thi s i s consistent with their trading cat
causality direction from net positions of traders to market price return, in general the
studyshows r ader sd6 net pmakeat returgswith andgexceptioo eérude e a d
oil market whereghe null hypothesis (that net positions do not lead retusnsjected at
the 5% leveland the correspondindjrectional impact is negativ his means there is
little evidence to suggest that net positions of traders can predigetreturn, at least
for the sample period.

Bryant, Bessl er and Haigh (2006) study

period March 1995 through January 2003 for eight future markets: corn, crude oil,
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Eurodollars, gold, Japanese yen, coffee, live catteP $00. Their findings are
consistent with Sander s, Boris and Manfredo
return causes net long position of large hedgers. As for the crude oil markethtvey
little evidence to support the claim that largecspel at or s or smal | S pE
positions are correlated with price volatility.

Pirrong (2008) notices that for period 262806 the crude oil market witnessed
rising prices and increases in inventory. This phenomenon has been interpreted as
evidence ér speculative distortion in crude oil market over the same period, since the
historical negative correlation between price and storage seems broken. To examine this
possibility, a dynamic rational expectation model with stochastic fundamental shocks is
proposedAlso the model suggestisere could be a positive relation between commodity
price and inventoryat competitive equilibriumPirrong (2008) argues that when the
fundamentals exhibit stochastic volatility in the market, producers may choose to build
up inventory to smooth out unexpected fluctuation and the direction of change in the
relation between two economic variables (commodity price and inventory) can be result
of structural change in the economic system, and increase in speculative storag@ can
necessary instead of sufficient condition for the existence of speculative distortion.

For the past 2002008 commodity futures price spikes, Sanders, Irwin and

Merrin (2009) ut ildatazte studyhteeroSsmarkatdcorrel@ionT

18 Starting in 2007, CFT®egan reporting the positions held by index traders in 12 agricultural futures
markets in theCommodity Index Traders (CIT) report, as supplement to the traditional Commitments of
Traders (COT) report. According to the CFTC, the index trader positions reflect both pension funds that
would have previously been classified as «commercials as welhs swap dealers who would have
previously been classified as commercials hedging OTC transactions involving commodity indices.
However, caution should be taken by researches when amplymse data. The CFT&Imits that this
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betweermmarket returns and positions heldlbgg-only index fundsThe data span from

January 3, 2006 tBecember 302008.No statistically significant correlation between

these two is found. Meanwhil e they also cl
evidence that weekly crosectional market return may be positively correlated to the
preceding weekds change in the index funds
possible that correlation can be found over some shorter horizon or with usesreftliffe

measures of position changes.

All these papers wutilize CFTCO0s COT or (
specul atorso trading position and commodi t
however, one need note that the data collection rdethoa n d traderso (o
classification of COT and CIT could cause some complications for the research. Studies
such as Sanders, Boris and Manfredo (2004) and Sanders, Irwin and Merrin (2009)
already pointed out t hat in rand dradpmg a&ctiviidsi on o f
reported by both COT and CIT should be done with caution. First, theamomercial
trader certainly has incentive to selarify themselves as commercial trader in order to
circumvent speculative limits. On the other hand,dhellittle incentive for commercial
traders to label themselves as speculators. Hence, the ncomme r c i a l tradersbo
is only a subset of total speculators in the market. Sedteddata provide little
information about nomeporting traders othethan thatthey do not hold positions

excess of reporting levels. Thjrdhe trading motives in theeporting commercial

classification procedure hdsl aws and t hat Afésome traders assigned
engagedinother ut ures acti vity t hatlLikewse,theIndexoTradebseatedarys aggr e g
will not include some tradersvho are engaged in index trading, but for whdnddes not represent a
substanti al part of their overall trading activityo
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classification are likely to extend beyond just hedging. That is, Ipedging positions
are a subset of those represented by CFpGrtiag commercialsalthough these trading
activities are generally interpreted as hedging transactions for there is not enough
information so far for researchers to further decompose theseFaaddly, reporting
noncommercial traderare the trader ¢agory least prone to reporting err8ince there
are no incentives to setlassify as a speculator, the reporting noncommepasitions
likely reflect a pure subset of true speculative positidherefore, these studies provide
empirical evidence that fails to support the statement that excessive speculation is one
cause for the energy commodity price spikes, but this alone cannot preclude the
existence of speculative influence on commodity [grice

In the next section, an empirical test using U.S. natural gas price data and COT
data on NYMEX natural gas futures market over the sample period Jarii2g09
through June 262009 is carried out to see if speculation does affect the forecast error

of natural gas price solely based on market fundamentals.

SPECULATION AND FUNDAMENTALS:CASE OFU.S.NATURAL GAS

All the empirical papers reviewed above explore the role of speculation in
commodity markets by investigating the dynamic relations between market price returns
and trader 0s p o s iAnother passible imprevanteht in stadyirggoter vy .
of spectation is to combine fundamentals witbF T C 6 s da@OThe underlying

theory about this kind of treatment is that when speculatiomose trading push price
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beyondthe level justified by fundamentals, the price becomes the sum of fundamental
value and geculative value.

The second Bapterof this dissertation applies regirsgitching model to study
the dynamics between market fundamentals and U.S. natural gas prices, and the study
shows that market fundamentals can do a fairly good job in-tdrantprice forecasting,
even though the fundamentals can only account for 45% of the price changes during the
sample period January 2004 to June 2009. T«
to the price deviation from market fundamentals, Granger cautsgitys carried ouo
model errors from Chaptédtand tradersdé positionsandby util
OptionsCombined dat¥, then a VAR model is fitted f
position, based on which dynamic forecasts overd80and 20 10 weeks intervals are
provided. In the last, the DM tests proposed by Diebold and Mariano (1995) are applied
to these newly constructed forecasts to check if incorporation of speculation improves
price forecast accuracy.

Model errors from Chapr Il represent the deviation of spot price return from
values justified bymarket fundamentals. The market fundamentals include a variable
called lagged futurspot spread which is supposed to summarize past supply and
demand conditionsIinformation contained in future price of previous period has already
been included in the fundamentased State Markowswitching model. Since storage

data is announced on every Thursday, the Friday closing market price is used as the

9 For the cOT FutureandOptionsCombined report, option open interest and traders' option positions
are computed on a futuresjuivalent basis using delta factorgpglied by the exchanges. Lowgll and
shortput open interest are converted to long futtegggivalent open interest. Likewise, shoall and
long-put open interest are converted to short futeepsivalent open interest.
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weekly spot prie o f natur al gas i n order to incor
information arrival. Meanwhile, the COT data are announced on Friday, which actually
describe t sadesdaydfthecsasnewee omence, mathiset 6s r €
new piece ofnformationwould be reflectedmmediatelyon theFriday prices until new
information comes.

Figure4.1l presents the market return of U.S. natural gas spot price along with the
model fitting errors from the-8tate Markovwswitching model presented in &bterll for
period9" January2004 t023% June, 2009. It can be seen that the errors follow the same
pattern as the spot price return (first difference of natural log of spot price) but vary in a
smaller range.

In the COT report, thepen interests am@ividedinto reporting and nereporting

trader® p o s where cepoging traders hold positions in exces€lBTC reporting

level€®. Reporting traders are further categorized as commerciasnarommercial$'.

2 crre requires tearing membes, futures commission merchants, and foreign brokers (collectively
called reporting firms}o file daily reports with the Commission. Those reports show the futures and
option positions of traders that hold positions above specific reporting levels G&tTi6yregulations. If,

at the daily marketlose, ar eporting firm has a trader with a posi
reporting | evel in any single futures month or opti
futuresand optilks expi ration months in that commodity, rega

positions reported to the Commission usually represents 70 to 90 percent of the total open interest in any
given market. From time to time, the Commission will raiselower the reporting levels in specific
markets to strike a balance between collecting sufficient information to oversee the markets and
minimizing the reporting burden on the futures industry.

2L Al of a trader's reported futures positions in a comnyodlie classified as commercial if the trader uses
futures contracts in that particular commaodity for hedging as defin€#TC Regulation 1.3(z17 CFR

1.3(z). A trading entity generally gets classified as a "commercial" trader by filing a statement with the
Commission, onrCFTC Form 40 Statement of Reporting Trader, that it is commercially "...engaged in
business activities hedged by the use of the futures or option markets." To ensure that traders are classified
with accuracy and consistency, Commission staff mxercise judgment in+adassifying a trader if it has
additional information about the traderés use of th
trader in some commodities and as a-nommercial trader in other commodities. A single imgcentity

cannot be classified as both a commercial and-ammnmercial trader in the same commodity.
Nonetheless, a mulfunctional organization that has more than one trading entity may have each trading


http://ecfr.gpoaccess.gov/cgi/t/text/text-idx?c=ecfr&sid=5915c05d67e60a553c4434f3c646904f&rgn=div8&view=text&node=17:1.0.1.1.1.0.1.3&idno=17
http://www.cftc.gov/ucm/groups/public/@forms/documents/file/cftcform40.pdf
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Commercials argenerdly associated with an underlying cadtated businesand they
are commonly considered to be hedg&snerally speaking,am-commercials are not
involved in anunderlying cash business; thus, they are referred to as speculators.
Furthermore, reportintevel noncommercial activity is generally considered to be that
of managed futures @ommodity funds. Overall, the COT data are broadly discussed in
terms of hedgers(reporting commercials), fund®r speculators(reporting non
commercials), and smadipeculators (neneportingtraders).Open interest, as reported
to the Commission and as used in the COT report, does not include open futures
contracts against which notices of deliveries have been stopped by a trader or issued by
the clearing organizatioof an exchangé

Decomposition of open interests by different groups of traders can benexplai
by the following equation (40
(NCL+NCS+2NCSP)+(CL+CS)+(NRPL+NRPS)=2*TOPI (40)
NCL represents long positions held bhgn-commercial traders. Similarly, NCS denotes
short positions held by nesommercial traders. NCSP means spreading by- non
commercial traders, whiclmeasures the extent to which each-nsommercial trader
holds equal combinelbng and combineghort posibns in optionsandfutures
combinedreport. CL and CS represent long and short positions held by commercial
traders. NRPL and NRPS are long and short positions controlled byeporting

traders. TOPI represents total open interest in the market.

entity classified separately in a commodity. Fxample, a financial organization trading in financial
futures may have a banking entity whose positions are classified as commercial and have a separate
moneymanagement entity whose positions are classified acomercial.

#More information about CFC6s COT report can be found at
http://www.cftc.gov/MarketReports/CommitmentsofTraders/ExplanatoryNotes/index.htm



83

Figure4d2 pl ots the traderso6 total position
(denoted as PCT) in natural gas market for the pesfbdanuary, 2004 through3®
June, 2009. These variables are calculated as equdtpn(42) and (43 indicate.
Summary dtistics of these tiee variables are presented mble4.1. It can be seen that
hedgers and specul atorsdé trading activitie:
peri od, the speculatorsdé share in the tot
especally for the whole year of 2008. Starti
activities keep rising and stay in a relatively high level for the rest of the sample period.
On the other hand, the share of hedgerst r a d i ndgcreased for thehble year
of 2008, then rises a little starting in January 2009, but stays at relatively low level for
the rest of sample period. Al so it I's can
interest position keeps at a steady level over the whole saenbe p
Percent of total open interest by commercials=(CL+QS)OPI (41
Percent of total open interest by roommercials=(NCL+NCS+2*NCSP2*TOPI (42)
Percent of total open interest by a@porting=(NRPL+NRPS)2*TOPI (43

Anot her measure for trader s 0 popitorssi t i ons
(PNL)?, which is calculated as equations Y4#45) and (4% indicate. Following De
Roon, Nijman and Veld (2000) and Sanders, Boris and Manf(2d64), PNL for
commerci al traders indicates the fAhedging |
noncommercial traders and natnepor ting traders represent t

and dAsmall traders (specul 42 lsts the surpmagys sur e 0

% sum of PNLs weighted by PCT of each category of traders is zero.
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statistics for PNL of all categories of traders. Figdi@ plots these series for the same
sample period. Interestingly, it can be seen that PNLs for hedgers and speculators are not
significantly different from zero by the tw&ided ttest. The net long position percent of
small speculators seems very random, and for the whole sample period small speculators
are net buyers in the market. Meanwhile the net long position percents of hedgers and
large speculators vary around zero, andsuwprisingly, these two categories of traders
often take opposite positions in the market, which confirm the traditional view of
speculators, that is, speculators make profits by assuming risks divorced by hedgers in
the futures markets. Comparifgures 4.2 and4.3, it is obvious to see that commercials

are net buyers for the whole year of 2008 while speculators are net sellers. Also it is very
interesting to see that hedgers and small speculators share similar views on market trend,
while large speculats hold opposite views. One reason for this observation may be that
small speculators are positive feedback investors who make trading strategies following
dominant market participants while large speculators constantly bet against hedgers to
make profits.

For the sample period, only smal/l specul
stationary property of smaller specul ator si¢
trading strategy to some extent. While for hedgers and speculators, there is obvious
deviation in the movement pattern of PNL for the whole year of 2008, when natural gas
price experiences steady increases. The she
interests keeps rising for the period January 2008 through July 2008. Festlodé the

year, percent net long of hedgers gradually drops back to the average level. On the other
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hand, the share of net long positions of speculators experiences the opposite movement
pattern as that of the hedgers. Hedgers are net buyers for thd panoary 2008
through July 2008 while speculators are net
the right market trend or simply just follow the market trend when making trading
decisions. Meanwhile, speculators trade against hedgers constardigadimy a sharp

market trend turn at certain point.

Percent net long by commercials=(CIS)/(CL+CS) (49
Percent net long by necommercials=(NCINCS)/(NCL+NCS+2*NCSP) (45)
Percennet long by nosreporting=(NRPENRPS)/(NRPL+NRPS) (46)

Granger causality test results for model fitting errors and PNL of each patego
of traders are presented ialdle4.3. For the sample period Jan. 2004 through June 2009,
t he small specul atorso net ;atthesameptime, thé i on G
errors Granger cause PNLs of hedgers and speculators but not small speculators. This
result i s consi st e nsinthesehsk tha devidtign ipsttpriceli e s 60 f |
from fundamentals is not the result but t he
and speculators) position changes. Meanwhile, there is some new finding that small
specul atorsod positions Gr angerichonpgliesstrat t he ¢ h
smal | tradersdé speculation may have infl ue]
explore this possibility, a VAR model is fitted for model errors and PNL of non

reporting traders and the estimation results are repor{eabie4 .4.
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The normality tests for these two equations reject the null hypothesis of normal
disturbances. For the model error equation, it can be seen that sum of the coefficients of
lagged PNL variables is negative, which means a unit increase of net lon@rmpositi
percent of small traders would cause decrease in model error and this suggests the
presence of small traders to some extent help to stabilize the market price return. As for
the PNL of small speculators equation, lagged model error variables are mftang
individually or jointly, which is consistent with the Granger causality test results.
Meanwhile, the lagged values of PNL of a@porting traders are significant, which
confirm our earlier observati orepredctadle s mal |
to some degree.

Based on the estimation results of VAR(2) model, a linear forecast model for
forecast error is constructed as equat®r) (ndicates:

VET QBB G HEET OHEWI QROLAEIT 0H ££&1 QRO

rO00DEEET QRO 47)

To test i f information about small specul a
purely based onundamentals, fousets of oubf-sample forecasts (80, 40,,210 step

ahead forecasts) are constructed. Then DM tests proposed by Diebold and Mariano
(1995) are applied to these forecasts to see if forecasts incorporating additional
information improve th forecast accuracy compared with those solely based on market
fundamentals. First, 86tepahead out of sample forecasts for natural gas price are
provided. To do this, the-&ate Markowswitching model constructed in the first essay is

first fitted usirg 226 observations, and -8¢epahead price forecasts based purely on
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market fundamentals are calculated. Second, the 226 model fitting errors are used to fit
the linear model as equation {4specified. The new forecast error adjustment of the 80
forecasts by PNL of nereporting traders is calculated. Third, the new price forecasts
for natural gas incorporating fundamentals and speculation are calculated by w@guding
the 2state Markowswitching model forecasts drforecast errors by equation (47 his
procedure is repeated for , 480 and 10-stepahead forecasts. As the final st&M tests

are conducted to theew price forecasts and fundameradsed price forecastsdithe

results are msented in @ble4.5.

It is interesting to see that for the-8@pahead forecasts, the difference between
fundamentalbased forecasts and newly incorporated forecasts is not significant and
meansquared errors of forecasts show that the forecastty $@sed on fundamentals
are better than the newly constructed forecasts. While for tretep@head forecasts,
the DM tests show that incorporation of
the price forecasts. In the case ofs28pahead foreasts, the DM tests show that no
significant forecasting accuracy improvement is provided by the incorporation of
speculationFor the 20period 10stepahead forecastshe DM tests once again show
t hat i ncorporation of s p enatiorl fait t ridpsove n e t

prediction accuracy beyond the fundamenrbalsed forecasts.

Since the error forecasts based agen s mal

is quite small in magnitude, the prediction accuracy of price forecasts is mainly
determined by fundamental values. However, incorporation of speculation irtesinort

forecasting ljoth 10step and20-stepahead forecasts) fails to improve prediction

C
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accuacy seems intriguing. A possible reason may be that the price forecast is a spot
price while the speculation happens in future market. The interaction between the future
and spot markets takes some time for the changes in futures market to be refigeted in

spot market. Since major trading behaviors happen in future/forward markets, the cash
(spot) market mainly function as supplement to smooth out some sudden changes in

supply and demand conditions fiolly covered by future/forward contracts.

CONCLUSION

A literature review on speculation and energy commodity markets is carried out
to investigate what produced the high volatility and steady increases of prices in crude
oil and natural gas markets for tB80708 period. Theempirical test preserden last
section showthat fundamentals play major roles in the natural gas market while small
specul atorso trading activities may al so
However, there is no empirical evidence to support the claim that spenuistihe

major reason for the price spikes seen in the past few years.
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CHAPTERIV

CONCLUSIONS

This dissertation examines relef market fundamentals and speculation in U.S.
natural gas market and also crude oha@ter 2proposes two-state Markovswitching
model to improve forecastauracy of U.S. natural gaspot price purely based on
market fundamental§.he assumption of regirmgwitching is supported by the data, and
market fundamentals show different impacts on natural gas price across different state.
Furthermore, the DM forecast accuracy tests showftdratass by regimeswitching
model outperformhe GARCH (1,1) model, where no regiseitching assumption is
made, in terms of nederm forecasts. The adoption of regimswitching framework
provides a flexible model to deal with high volatility and possible endogenous structural
changes that may exis U.S. natural gas market.

There is no doubt that market fundamentals such as strong world demand, rigid
oil supply, weakening U.S. dollar and also peak oil fear all contributed to oil price spike
seen in the past several yeakl the fundamentaldctors are initial drivers to push up
oil price and speculation could have further exaggerated these market signals to both
producers and consumers so that current consumption is reduced, storage is built up
while price still keeps going up due to low eieisy of oil demand. Meanwhile, newly
emerging economies do bring changes to the existing equilibrium of the market. Before

the market finds nevequilibrium, speculators, noiseaders and also hedgers in the



90

market would all respond to new informatiomizal in the market differently, therefore,
increased level of volatility is expected.

The thirdChapter aalyzes dynamics between U.S. dollar and crude oil price and
finds there is a longun equilibrium between oil and dollar. For the sample period from
2002 to 2010, weakening U.S. dollar could cause a big upward adjustment in crude oil
price in order to revert back to equilibrium. Meanwhile, this study also suggests that
there is structural change anude oil price movement ovéne full sample perioduly
1986 to July 2010, specifically, the qitice stays in a stationary stafor period from
July 1986 to December 2001, and for the period 2002 through 2010 the crude oil price
obviously climbs to a new high level with high jumps and volatility. Caoesingly,
the longrun equilibrium between crude oil and U.S. dollar also experiences structural
changes over the same period.

Although the argument of price bubble in energy commodity markets faces a lot
of empirical criticism, existing literature stitannot rule out this possibilitChaptenV
gives a review of theory of speculation and also a survey of empirical studies on
speculation in energy commodity markets. More importantly, data of ChApsee
utilized totest ahypothesis on speculation, that is, real world commodity price could be
sum offundamental value and speculativalue if speculation does affect commodity
price. However, the empirical tesiggeft he specul ator siavenet | o
limited forecasting power on natural gas pratganges although correlation between
these two series found andGranger causality is shownto run franpec ul at or s 6 1

long positiors to price changeasot justified by fundamentals. Therefore, ktempirical
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evidence is found to support the bubble theory in U.S. natural gas market over the
sample period01/06/2004 06/23/2009.

Both fundamental factors and speculation are functioning in the real world
commodity markets. So far there is no sindgledry can encompass all the complexity
involved in thesamarkets, thereforeather than thinkinghese theories are competing
with each other in explaining commodity price variation, one may think there is an
element of truth to all these theoriés it is pointed out earliefurther research about
commoditymarkes, especially the pricing dynamics of crude shipuld take possible

structural change into consideration.
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APPENDIX A

TABLES

Table 2.1 Likelihood estimates of a twestate Markov-switching model of the natural gas price
return (weekly; 01/02/2004i 06/26/ 2009)

Parameters Linear model Markov-switching model

with GARCH(1,1)
GARCH(1,1) Transition Probability Matrix
Constant 0.00016 (0.000095)** 0.92 (0.10)* 0.03 (0.014)*

ARCH MA(1) Coeffident 0.34 (0.095)* 0.08 (0.043)* 0.97 (0.0¢
GARCH AR(1) Qdficient  0.64  (0.074)*

Switching parameters

state 1 state 2

" 0.057 0.016 0.0015)*  0.059 (0.0024)*
Constant -0.082  (0.015)* -0.072  (0.0018)* -0.085 Q.0042)*
Return of crude oil price 0.20 (0.05)* 0.13 (0.04)* 021 0.086)*
Weekly difference storage  -0.00034 (0.000)* -0.00015 (0.00002)*-0.0005 0.000)*
Lagged spread 0.83 (0.06)* 1.30 (0.06)* 0.64 (0.042)*

Non-switching parameters
Weekly difference HDD -0.00®M5 (0.0005) .000001 (0.00007)
Weekly difference CDD 0.00008 (0.0003) -0.00008 (0.00017)
Monthly dummy 1 0.012 .0(®) -0.005 (0.0077)
Monthly dummy 2 0.031 (0.017)** 0.4 (0.0085)*
Monthly dummy 3 0.052 (0.014)* 0.0/ (0.0047)*
Monthly dummy 4 .09 (0.018)* 0.07 (0.0041)*
Monthly dummy 5 0.11 (0.022)* 0.075 (0.0036)*
Monthly dummy 6 .094 (0.021)* 0.09 (0.0044)*
Monthly dummy 7 0.075 (0.021)* 0.089 (0.006)*
Monthly dummy 8 .086 (0.02)* 0.11 (0.0067)*
Monthly dummy 9 0.10 .oq)* 0.11 (0.0076)*
Monthly dummy 10 0.057 .0Q)* 0.089 (0.01)*
Monthly dummy 11 0.01 .09 0.0032 0(0083)*
Log Likelihood: 462.41 472.6!
AlC 442.41 451.68
BIC 405.85 413.29

Notes:Symbol * indicateshat estimated parameters are stafistically different from zero at the 5% level.

Symbol ** indicates that estimated parameters are statistically different from zero at the 10% level.

The value in parenthesis is the outer product of gradient (OPG) statel@ation of the parameter
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Table 2.2 Diebold-M ariano test resultsfor 2-state Markov-switching model and GARCH (1,1) model
(forecast period: Feb. 132009 to June 26, 2009)

No. of observations 20
DM test HO: alternative methods are equally accurate on a

Onestepahead forecast

Forecast with Markov smoothing effect vs. p-value = 0.092%reject HO at 10%
GARCH(1,1) model significance level)

4-stepahead forecast

Forecast with Markov smoothing effect vs. p-value = 0.298¢fail to reject HO)
Forecast without Markov smoothing effect

Forecast with Markov smoothing effect vs. p-value = 0.131%fail to reject HO)
Forecast by GARCH (1,1)

Forecast without Markov smoothing effect vs. p-value = 0.128%fail to reject HO)
Forecast by GARCH (1,1)

20-stepahead forecast

Forecast with Markov smoothing effect vs. p-value = 0.700%fail to reject HO)
Forecast without Markov smoothing effect

Forecast with Markov smoothing effect vs. -valye =0.0787(reject HO at 10%
Forecast by GARCH (1,1) significance level)
Forecast without Markov smoothing effect vs. p-value = 0.0933reject HO at 10%)

forecast ly GARCH (1,1) significance level)
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Table 2.3 Encompassing test results for regimewitching model and GARCH model

Two-way encompassindest

No. of observations: 20

Onestepahead forecagincompassing tests

p-valueon_ Tt

2-state Markov-switching model 0.217
encompasses: 0.119

GARCH (1,1) (0.093) Fail to reject HO
GARCH (1,1) 0.000
encompasses: 0.881

2-state Markowswitching (0.093) HO is rejected at 5% significance

model

level.

4-stepahead forecast encompassing tests

p-valueon_ Tt

Forecasts with Markov smoothing 0.634
effect encompasses: 2.702
Forecast without MS effect (5.59) Fail to reject HO.
0.000
GARCH (1,1) 0.329 HO is rejected at 5% significance
(0.068) level.
Forecasts without Markov 0.764
smoothing effect encompasses: -1.702
Forecast with MS effect (5.59) Fail to rejectH0.
0.000
GARCH (1,1) 0.329 HO is rejected at 5% significance
(0.067) level.
GARCH(1,1) encompasses: 0.000
Forecasts with MS effect 0.671 HO is rejected at 5% significance
(0.067) level.
0.000
Forecasts without MS effect 0.652 HO is rejected at 5% significance
(0.097) level.

20-stepahead forecast encompassing test

p-valueon_ Tt

Forecasts with Markov smoothing 0.022
effect encompasses: 0.6 HO is rejected at 5% significance
Forecast without MS effect (0.29 level.
0.016
GARCH (1,1) 0.1%6 HO is rejected at 5%ignificance
(0.059 level.
Forecasts without Markov 0.113
smoothing effect encompasses: 0.40
Forecast with MS effect (0.24) Fail to reject HO.
-0.042 0.594
GARCH (1,1) (0.078) Fail to reject HO.
GARCH(1,1) encompasses: 0.000
Forecasts with MS effect 0.844 HO is rejected at 5% significance
(0.059) level.



Table 2.3 continued
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0.000
Forecasts without MS effect 1.042 HO is rejected at 5% significance
(0.078) level.
Three-way encompassing test
4-stepahead forecagtncompassing tests
_ _ p-valueon_. _ T
Forecasts with MS effect encompasses: 0.0003

Forecasts without MS effect 4.59 0.34 HO is rejected at 5%
GARCH (1,1) (1.78) (0.068) significance level.
Forecasts without MS effect encompasses 0.0004
Forecasts withou¥lS effect -3.92 0.34 HO is rejected at 5%
GARCH (1,1) (1.80) (0.068) significance level.
GARCH (1,1) encompasses: 0.0000
Forecasts witltMS effect -3.92 4.59 HO is rejected at 5%
Forecasts without MS effect (1.80) (1.78) significance level.

20-stepahead forecagincompassing tests

p-valueon. _ T

Forecasts with MS effect encompasses:

0.0642

Forecasts without MS effect -0.185 0.193 HO is rejected at 10%

GARCH (1,1) (0.73 (0.172) significance level.
Forecasts without MSeffect encompasses 0.1763

Forecasts without MS effect 0.992 0.193

GARCH (1,1) (0.58) (0.172) Fail to reject HO.
GARCH (1,1) encompasses: 0.0000

Forecasts wittMS effect 0.992 -0.185

Forecasts without M8ffect (0.576) (0.735) Fail to reject HO.

Notes: h view of possible autocorrelation and heteroskedasticity of the errors, robust regression is

conducted using STATA for all these encompassing tests.
Thevalue in parenthesis is the robust error of the parameter.
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Table 2.4 Weights for linear combined forecast modelgforecast period: Feb. 13,2009 to June 26,
2009)

1-stepaheadforecast (Sample size=20)

Forecast Mean Adj.

Error SSE R"2 weights  for

Constant MS effect
GARCH
MS forecast -0.001 1.66 -- 1 --
GARCH -0.48 9.50 -- -- 1
Combined model
MS & GARCH 0 129 38% 1.161.04) 0.64(0.18)* .0840.15)
4-stepaheadforecast (Sample size=20)

Forecast Mean Adj.

Error SSE R"2 weights  for

Constant MS effect W/O MS effe
GARCH
MS forecast 0.211 3.43 - 1 - --
W/O MS 0.215 3.40 - - 1 -
GARCH -0.475 9.61 -- -- - 1
Combined model
All three 0 1.32 33% 0.40(1.33)44(2.40) 4.052.50) 0.29(0.19)
MS & W/O MS 0 1.47 29%2.050.67)* -1.80(2.87) 2.292.93) 0
MS & GARCH 0 1.42 32% .9801.14) (B4(0.19)* 0 0.21(0.1!
W/O MS & GARCH 0 1.39 33% .86(1.19 0 06850.19)* 022(0.15)
20-stepaheadforecast (Sample size=20)

Forecast Mean Adj.

Error SSE R™2 weights  for

Constant MS effect W/O MS effe

GARCH
MS forecast 0.111 1.15 - 1 - --
W/O MS 0.022 1.06 - - 1 -
GARCH -0.414 7.58 -- -- - 1
Combined model
All three 0 0.62 69% -3.150.94* 1.270.62)*  0.190.78) 0.36(24)
MS & W/O MS 0 0.70 67% -2.22(0.74)* 0.58(0.33)** 1.02(0.45)* 0
MS & GARCH 0 0.62 62% -3.16(0.90* 1.41(0.13* 0 80(0.14)*
W/O MS & GARCH 0 0.79 62%-2.36(Q87)* 0 1.690.17)* -0.063(0.12)

Notes: Mean error is mean value of prediction errbsn all the alternative models, calculated as the
following equation: mean error& Q WE Q& @ 0 6 DA Q@ | 'Q & ¢8 (O 6 DA QO Q

SSE, sum of squared prediction errors, or so called RSS, calculated for each alternative forecast model as:
Bi Q&do 6N QO | Q6 o 6 DEHMQ0 Q

The value in parenthesis is robust standard error.

Symbol * indicates significance at 5% level.
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Table 2.50ut of sample forecast error (forecast period: May 8, 2009 to June 26, 2009)

Total sample size=20
Model sample size=14
Forecassample size=6

1-stepaheadforecast

Forecast Mean Adj.
Error SSE R"2 weights  for
Constant MS effect
GARCH
MS forecast -0.08 0.62 -- 1 --
GARCH -1.05 6.79 - - 1
Combined model
MS & GARCH -0.86 4.84 71% -4.01(1.81)* 0.64(0.18)*
1.15(Q38)*
4-stepaheadforecast
Forecast Mean Adj.
Error SSE R™2 weights  for

Constant MS effect  W/O MS effect
GARCH
MS forecast 0.39 1.25 -- 1 -- --
W/O MS 0.39 1.24 -- -- 1 -
GARCH -1.05 6.89 - - - 1
Combined model
All three -0.78 467 62% -5.15@.39* -13.748.77) 14.5®.73) 1.450.54)*
MS & W/O MS 0.08 3.07 38%1.730.92* -21.757.80)* 22.357.85)* -
MS & GARCH -0.91 6.64 59% -5.96Q.12* 0.81(0.13* - 1.65(0.48)*
W/O MS & GARCH -0.91 6.48 60% -5.952.11)* - 0.81(0.13)* 1.64(0.48)*

20-stepaheadforecast
Forecast Mean Ad;.
Error SSE R~™2 weights  for

Constant MS effect W/O MS effe
GARCH
MS forecast 0.19 0.37 -- 1 -- --
W/O MS -0.23 0.41 - -- 1 -
GARCH -0.87 4.65 - -- -- 1
Combined model
All three 0.34 1.36 77%2.90(1.35)* 3.7(1.05)* -1.851.28)  0.44(0.44)
MS & W/O MS 0.51 0.77 77%-1.67(Q96) 2.800.99* -1.34(1.13 -
MS & GARCH 0.19 0.41 74%-3.16(.76)** 1.630.23)* - 0.20(0.52)
W/O MS & GARCH -0.04 0.10 59% -2.89(1.88 - 1.72(0.38)* 0.04(069)

Notes: Mean error is mean value of prediction errbsn all the alternative models, calculated as the
following equation: mean error& Q WE Q& @ 0 6 DA "QAS@E | 'Q & ¢8 O 6 DA QO Q

SSE, sum ofquared prediction errors, or so called RSS, calculated for each alternative forecast model as:
Bi Q&do 6N QG | Q@6 do 6 DG "Qd'Q

The value in parenthesis is robust standard error.

Symbol* indicates significance at 5% level.

Symbol ** indicates significance at 10% level.
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US dollar index Nominal oil price Real oil price
LUSDX? | eL USD| LOIL? 2L O1 | LROIL? | &L RO
ADF test | -2.203 -77.857 -2.610 -78.667 -2.542 -78.598
(0.4883 (0.000) | (0.2753) | (0.000) | (0.3072) | (0.000)
PP test -2.190 -77.859 -2.616 -78.817 -2.553 -79.092
(0.4957) | (0.000) | (0.2725) | (0.000) | (0.3021) | (0.000)

Notes:® Represents model with constant, trend and lag of 5.

P Represnts model with no constant, no trend, no lags.

The test statistic used here is ADF Z(t) statistic.
Between parenthesis is tMacKinnon approximate-galue forZ(t) statistic.
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US dollar index Nominal oil price Real oil price
LUSDX? | eL USD| LOIL? 2L O1 | LROIL? | &L RO
ADF test | -2.200 -46.858 -2.226 -48.267 -2.318 -48.170
(0.4899 (0.000) | (0.4759 (0.000) | (0.4243 (0.000)
PPtest -2.095 -46.856 -2.239 -48.315 -2.329 -48.220
(0.5489 (0.000) | (0.4679 (0.000) | (0.4183 (0.000)

Notes:® Represents model with constant, trend and lag of 5.

P Represnts model with no constant, no trend, no lags.
The test statistic used here is ABR) statistic.

Between parenthesis is tMacKinnon approximate-galue forZ(t) statistic.
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Table 33 Engle-Granger co-integration regression on U.S. dollar index and nominal oil price

Dependent Variable Log USDX EUSDX
Log nominal oil price -0.04* (-10.89 -
Dummy05 -0.10* (-19.95 -
Constant 4.68 (407.0) -

R 33.5%

G 0.088 -
DW 0.004 -
ADF - -2.697
PP - -2.675

Notes: EUSDX is the estimated error term (residual) from the Eagdager first step regression of log of

USDX on log of nominal oil price and also the constant and dummy variable.
* | ndicates significance at 1% level.

®Indicates rejection of the null hypothesis of unit root at 1% significance level.
Between parentheses is thetatistic of the estimated parameter.
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Table 3.4 Engle-Granger error correction model on U.S. dollar index and nominal oil price

Dependent Variable elLog US elLog US elLog US
Log USDX (1) -0.0019*  {2.45)

Log nominal oil price{1) -0.00017 {1.15)

EUSDX (1) -0.00214* ¢2.68) -0.0022*¢2.71)
® | og -)SDX (| -0.0019 +{.15) |-0.0020 €.15)

& | og -BSDX (| -001 0.79) | -0.010 ©.79)

® | og -B)SDX (| -0.0125 +{.97) |-0.013 0.97)

® | og -4ySDX (| 0.0234** (1.81) | 0.023** (1.80)

& | og -BSDX (] -0.011 0.84) | -0.011 ©.84)

@ | og nomi4da 00025 {.90) |-0.0025 £.88)

@ | og nomi?)3a 00003 {.10) |-0.0002 1.08)

@& | og oalpme@®@)a -0.005**P (1.90) | -0.0054*** (-1.88)

@ | og nomi#Aa 00004 {0.14) |-0.0004 €.13)

@ | og nomiH)a 00043 {1.52) |-0.0043 {L.50)

Constant -0.00005 {0.70) | 0.009* (2.40) -0.00005 {0.73)
a 0.00547 0.00547 0.00547
DW 2.00 2.00 2.002

Notes: EUSDX is the estimated error term (residual) from the EBrdager first step regression of log of
USDX on log of nominal oil price and also the constant and dummy variable.

* | ndicates significance at 1% level.

*** |ndicates significance at 10% level.
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Table 3.5 Engle-Granger co-integration regression on U.S. dollar index and real oil price

Dependent Variable Log USDX EUSDXR
Log real oil price -0.082* {18.85) -
Dummy05 -0.0803*  {17.28) -
Constant 4.785* (393.11) -

R 36%

G 0.087 -
DW 0.0045 -
ADF - -2.812
PP - -2.755'

Notes: EUSDXR is the estimated error term (residual) from the Eaglager first step regression of log
of USDX on log of real oil price and also the constant and dummy variable.

*|ndicates significance at 1% level.

®Indicates rejection of the null pgthesis of unit root at 1% significance level.

Between parentheses is thetatistic of the estimated parameter.
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Table 3.6 Engle-Granger error correction model on U.S. dollar index and real oil price

Dependent Variable elLog US elLog US elLog US
Log USDX (1) -0.0021*  {2.64)

Log real oil price {1) -0.0003 {1.49)

EUSDXR (1) -0.00225* {2.76) -0.00228* (2.81)
& | og -)SDX |-0.00183 -0.14) |-0.0019  0.15)

@ | og -P)SDX |-0.01012 {0.78) |-0.01018 0.79)

® | og -B)SDX |-0.01246 -0.96) |-0.0125  0.97)

® | og -4SDX |0.02337** (1.81) | 0.0233*** (1.80)

& | og -B)SDX |-0.01087 -0.84) |-0.0109  {0.85)

® | og read) |[-0.00238 -0.84) |-0.0023  {0.81)

® | og red&) |[-0.00014 -0.05) |-0.00007 -0.03)

@& | og r e@@B) |-0.00536%*(-1.88) |-0.0053** (-1.86)

® | og rea) |[-000036 -0.13) |-0.0003  0.11)

@ | og redb) |-0.0045 {.58) |-0.0044  {1.55)

Constant -0.00005 {0.72) | 0.01032* (2.60) | -0.00005 +0.73)
v] 0.00547 0.00547 0.00547
DW 2.00 2.00 2.003

Notes: EUSDXR is the estimated error term (residual) from the Eaglager first step regression of log
of USDX on log of real oil price and also the constant and dummy variable.

* | ndicates significance at 1% level.

***| ndicates significance at 10% level.

Between parentheses is thstatistic of the estimated parameter.



Table 3.7 Engle-Granger co-integration regression on nominal oil price and US. dollar index

Dependent Variable Log nominal oil price ENOILP
Log USDX -0.4765*  {10.84) -
DummyO05 1.11126* (95.04) -
Constant 5.2614* (26.26) -

R 72%

a 0.30448 -
DW 0.0089 -
ADF - -3.867
PP - -3.616'

Notes: ENOILP is the estimated error term (residual) from the EAgdeger first step regression of log

of nominal oil price on log of USDX and also the constant and dummy variable.

* | ndicates significance at 1% level.

®Indicates rejection of the null hypothesis of unit root at 1% significance level.

Between parentheses is thetatistic of the estimated parameter.
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Table 3.8 Engle-Granger error correction model on nominal oil price and US. dollar index

Dependent Variable &elLog NO &elLog NO| &Log NO
Log USDX (1) 0.00044 (0.12)

Log nominal oil price{1) -0.0026** (2.42)

ENOILP (1) -0.0025**  (2.41) -0.0029* (2.78)
& | og -)SDX (| 0.1176** (2.00) 0.1170*  (1.99) | 0.12998** (2.22)
e | og -B)SDX (| -0.0672 {.15) | -0.068 {.16)

e | og -B)SDX (| -0.0825 {.41) | -0.083 1.42)

e | og -4YSDX (| -0.0929 {.58) | -0.094 {.60)

e | og -B)SDX (| 0.0696 (2.19) | 0.069 (1.17)

& | og nomi#d)al -0.0089 (-0.69) -0.0089 {0.69)

& | og nomi(R)al -0.0615 .76) -0.062* (4.76)

& | og nomi #®)a -0.0002 ©.01) | -0.0002 +{0.01)

& | og nomi #A)al -0.0095 €©.74) -0.0095 {0.74)

& | og nomi®al -0.0274** (2.12) | -0.027** (2.12)

Constant 0.0004 (2.12)| 0.0063 (0.36) | 0.00033 (1.03)
Dummy05 - 0.003**  (1.98)

( 0.02487 0.02487 0.02492

DW 2.002 2.002 2.016

Notes: Log NOILP is the nominal oil price in logarithm.

ENOILP is the estimated error term (residual) from the E@gkenger first step regression of log of
nominal oil price on log of USDX and also the constant and dummy variable.
* Indicates significance at 1% level.
** |ndicates significance at 5% level.
Between parentheses is thstatistic of the estimated parameter.
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Table 3.9 Engle-Granger co-integration regression on real oil price and US. dollar index

Dependent Variable Log real oil price EROILP
Log USDX -0.675* 18.85) -
Dummy05 0.756* (79.39) -
Constant 5.847* (35.82) -

R® 67%

G 0.2481 -
DW 0.0116 -
ADF - -4.227
PP - -3.884'

Notes: EROILP is the estimated error term (residual) from the EBglager first step regression of log of
real oil price on log of USDX and also the constant and dummy variable.

* | ndicates significance at 1% level.

®Indicates rejection of the null hypothesis of unit root at 1% significance level.

Between parentheses is thetatistic of the estimated parameter.
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Table 3.10 Engle-Granger error correction model on real oil price and US. dollar index

Dependent Variable| &L og RO elLog ROI elLog RO
Log USDX (1) -0.00075 +0.20)
Log real oil price {1) -0.0039*  (3.00)
EUSDXR (1) -0.00075 +{0.20) -0.0044*  {3.42)
@ | og -1)SDX| 0.1192* (2.03)| 0.1191** (2.03) 0.1313* (2.24)
& | og -P)SDX| -0.0663 {1.13) | -0.0663  <{1.13)
® | og -B)SDX| -0.0872 {1.49) | -0.0875  <{1.49)
® | og -4SDX| -0.0927 {.58)| -0.093 {1.59)
® | og -B)SDX| 0.0708 (1.21)] 0.070 (1.19)
& | og red)]| -0.0094 {.73) -0.0071  {0.55)
® | og red®) | -0063* (4.87)| -0.0606* {4.69)

eelog real oil price{3) | -0.0025  {0.20) -0.0004  {0.03)
e | og rea) | -0.011 0.83) -0.0087  {0.67)
& | og r ed) | -0.028* (2.15) -0.026**  (1.99)

Constant 0.00025 (0.68)| 0.0145  (0.80) | 0.00022  (0.68)
Dummy05 -0.00006 0.08) | .00317** (2.31)

a 0.02488 0.02486 0.02491

DW 2.003 2.002 2.012

Notes: Log ROILP is the real oil price in logarithm.

EROILP is the estimated error term (residual) from the E@gbmnger first step regression of log of real
oil price on log of USDX and also the constant and dummy igria

* | ndicates significance at 1% level.

**| ndicates significance at 5% level.

Between parentheses is thstatistic of the estimated parameter.
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Table 3.11 EngleGranger co-integration regression on US. dollar index and nominal oil price for
the subsample period (20022010)

Dependent Variable (2002010) Log USDX EUSDX02
Log nominal oil price -0.2469* {65.18) -
Dummy05 0.0269* (6.62) -
Constant 5.43363* (340.41) -

R® 76.67%

G 0.05528 -

DW 0.01725 -
ADF - -3.175
PP - -3.053

Notes: EUSDXO02 is the estimated error term (residual) from the Ehglager first step regression of log
of USDX on log of nominal oil price and also the constant and dummy variable for the subsataple d
* |ndicates significance at 1% level.

®Indicates rejection of the null hypothesis of unit root at 1% significance level.

Between parentheses is thetatistic of the estimated parameter.
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Table 3.12 EngleGranger error correction model on U.S. dollar index and nominal oil price for

subsample period (20022010)

Dependent Variable elLog US| eLog US e&Log US
Log USDX (1) -0.00313 {1.47)

Log nominal oil price{1) -0.00015 {0.27)

EUSDXO02 ¢1) -0.0028 {1.32) -0.0031  {1.47)
& | og -)SDX (| -0.0206 {0.92) | -0.0221  {0.99)

e | og -B)SDX (| 0.0011 (0.05) | -0.0005 {.02)

e | og -B)SDX (| -0.019 (-0.85) | -0.0208 {0.93)

aelog USDX (4) 0.0284 (1.27) | 0.0269 (1.20)

e | og -B)SDX (| -0.006 {0.27) | -0.0074 {.33)

& | og nomi#)a] -0.008***(-1.63) | -0.008*** (-1.68)

& | og nomi ®R)a] -0.0028 {0.59) | -0.0031 {0.64)

& | og nomi ®B)a] -0.0047 {0.98) | -0.0049 {1.03)

& | og nomi #A)a] -0.0052 {1.08) | -0.0054 {1.13)

& | og nomi H)a] -0.0029 {0.60) | -0.0031 {0.66)

Constant -0.00016 {1.33) | 0.0144 (1.26)] -0.00016 1.38)
v} 0.00547 0.00546 0.00546
DW 1.999 1.999 2.02

Notes: EUSDXO02 is the estimated error term (residual) from the Ebgleger first step regression of log

of USDX on log of nominal oil price and also the constant for the subsample data.
* | ndicates significareat 1% level.
*** |ndicates significance at 10% level.
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Table 3.13 Engle-Granger co-integration regression on US. dollar index and real oil price for the
subsample period (200& 2010)

Dependent Variable Log USDX EUSDXR2
Log real oil price -0.2497* (49.03) -
Dummy05 -0.00144 {0.36) -
Constant 5.313* (342.71) -

R 73.38%

G 0.05904 -

DW 0.0152 -
ADF - -3.022
PP - -2.910

Notes: EUSDXR?2 is the estimated error term (residual) from the Ediglager first step regression of log
of USDX on log of real oil price and also the constant and dummy variable for the subsample data.

* |ndicates significance at 1% level.

®Indicates rejection of the null hypothesis of unit root at 1% significance level.

Between parentheses is thetatistic of the estimated parameter.
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Table 3.14 Engle-Granger error correction model on U.S. dollar index and real oil price for the
subsample period (2002010)

Dependent Variable elLog US elLog USLI &elLog USTEL
Log USDX (1) -0.0029  {1.46)

Log real oil price {1) -0.0001  {0.18)

EUSDXR (1) -0.00297  {1.47) -0.0032%** (-1.62)
& | og -)SDX | -0.0207 {©.92) | -0.0223 +.99)

® | og -B)SDX | 0.001 (0.05)| -0.0006  +0.03)

® | og -B)SDX | -0.019 0.85) | -0.0207 +{0.93)

® | og -YWSDX | 0.028 (1.27)| 0.027 (1.20)

® | og -B)SDX | -0.0066 (-0.29) | -0.008 .36)

eelog real oil price {1)

-0.0078%** (-1.63

-0.0081*** (-1.69)

& |l og reda -0.0028  {0.59) -0.0031  {0.65)

e | og r e -0.0046  {0.96) -0.005 {1.01)

e |l og red) -0.005 {1.06) -0.005 .12)

e | og r e -.0032 0.67) -0.003 0.73)

Constant -0.0002  {1.35) 0.013 (1.24) -0.00016 (-1.38)
v} 0.00547 0.00546 0.00546
DW 1.999 1.999 2.02

Notes: EUSDXR?2 is the estimated error term (residual) from the Ediglager first step regression of log

of USDX on log of real oil price and also the constant for the subsample data.

* | ndicates significance at 1% level.
** *|ndicates significance at 10% level.

Between parentheses is thetatistic of the estimated parameter
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Table 3.15 Engle-Granger co-integration regression on nominal oil price and US. dollar index for

the subsample period (2002 2010)

Dependent Variable Log nominal oil price ENOILP2
Log USDX -2.37* {55.18) -
Dummy05 0.366* (36.64) -
Constant 14.36* (73.21) -

R® 85.34% -

G 0.17 -

DW 0.024 -
ADF - -3.628
PP - -3.47C

Notes: ENOILP2 is the estimated error term (residual) from the Eaglager first step regression of log
of nominal oil price on log of USDX and also the constant and dummy variable for the subsample data

(200 2010).
* | ndicates significance at 1% kv

®Indicates rejection of the null hypothesis of unit root at 1% significance level.

Between parentheses is thstatistic of the estimated parameter.
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Table 3.16 Engle-Granger error correction model on nominal oil price and US. dollar index for the

subsample period (200& 2010)

Dependent Variable &elLog NO @&eLog NO e@&eLog NO
Log USDX (1) -0.022*  (2.19)

Log nominal oil price{1) -0.0102*  (3.14)

ENOILP2 (1) -0.010*  (3.12) -0.0104*  ¢3.22)
& | og -)SDX ( 0.171** (1.64) 0.173*** (1.66) | -0.026 {.18)
& | og -BSDX ( 0.058 (0.55) | 0.059 (0.56)

e | og -BSDX ( -0.083 {0.80) | -0.081 .78)

e | og -YSDX ( -0.138 1.32) | -0.137 .31)

& | og -B)SDX ( 0.196 (1.88) | 0.197*** (1.89)

& | og nomi4all -0.025 {.11) | -0.025 {.11) | 0.184** (1.77)

& | og nomi R)all -0.021 0.96) | -0.021 {.96)

& | og nomiBal 0.051** (2.27) 0.051**  (2.26)

& | og nomi#all 0.003 (0.12) | 0.003 (0.12)

& | og nomi ®)all -0.05* (-2.25) | -0.05** (2.25)

Constant 0.0007 (1.26) | 0.14* (2.50) | 0.0007 (2.23)
Dummy05 - 0.003*** (1.62)

¥ 0.025 0.025 0.026

DW 2.001 2.001 1.998

Notes: Log NOILP is the nominal oil price in logarithm.

ENOILP2 is the estimated error term (residual) from the E@gknger first step regression of log of
nominal oil price on log of USDX and also the constant and dummy variable for the subsample data
(2005 2010).

* | ndicates significance at 1% level.

** |ndicates significance at 5% level.

Between parentheses is thetatistic of the estimated parameter.
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Table 3.17 Engle-Granger co-integration regression on real oil price and US. dollar index for the
subsample period (200& 2010)

Dependent Variable Log real oil price EROILP2
Log USDX -2.114* {49.03) -
Dummy05 0.284* (28.39) -
Constant 12.66* (64.36) -

R® 80.62%

G 0.17 -

DW 0.023 -
ADF - -3.523
PP - -3.365'

Notes: EROILP2 is the estimated error term (residual) from the Ehglager first step regression of log

of real oil price on log of USDX and also the constant and dummy variable for the subsample data
(2001 2010).

* Indicates significance at 1% level.

#Indicates rejection of the null hypothesis of unit root at 1% significance level.

Between parentheses is thstatistic of the estimated parameter.
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Table 3.18 Engle-Granger error correction model on real oil price and US. dollar index for the

subsample period (200& 2010)

Dependent Variable &eLog RO &eLog RO @&Log RC
Log USDX (1) -0.018**  (-1.95)

Log real oil price {1) -0.0077* ¢2.80)

EROILP2 €1) -0.0105* {3.22) -0.011* €3.40)

& | og -)SDX ( 0.183** (1.76) | 0.179** (1.72) | 0.224** (2.23)

& | og -BSDX ( 0.062 (0.60)| 0573 (0.55)

e | og -B)SDX ( |-0.093 €©.90) | -0.098 (-0.94)

& | og -¥YySDX ( |-0.142 {.37) | -0.147 1.41)

& | og -B)SDX ( 0.201**  (1.93) | 0.197** (1.89)

& | og price@) oi|-0.022 €©.99) | -0.024 {1.06)

& |l og red& oi|-0.021 €.93) | -0.022 {1.00)

e | og re&d) oi| 0.049* (2.18) | 0.047** (2.10)

& |l og rea) oi| 0.003 (0.13)| 0.001 (0.05)

e | og red&d) oil -0.049* (2.20) | -0.05** (-2.27)

Constant 0.0006 (1.09)| 0.108** (2.16) | 0.0006 (1.04)
Dummy05 - - -

y 0.0254 0.0254 0.0255

DW 2.0015 2.002 2.040

Notes: Log ROILP is the real oil price in logarithm.
EROILP2 is the estimated error term (residual) from the EGgnger first step regression of log of real
oil price on log of USDXand also constaifor the sibsample data (20622010).
* Indicates significance at 1% level.
** |ndicates significance at 5% level.
***| ndicates significance at 10% level.

Between parentheses is thstatistic of the estimated parameter
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Full Sample Subsample (20@ 2010)
NOI LPYUSDX
VAR(1)? 0.461 0.078**
VAR(2)? 0.744 0.181
VAR(5)? 0.271 0.319
VAR(10)? 0.096** 0.009
VAR(20)? 0.055** 0.00F
USDX Y NOILP
VAR(1)? 0.032* 0.114
VAR(2)? 0.056** 0.321
VAR(5)? 0.04 2+ 0.125
VAR(10)? 0.005 0.020+
VAR(20)? 0.025* 0.123
ROI LPYUSDX
VAR(1)? 0.481 0.077
VAR(2)? 0.765 0.178
VAR(5)? 0.256 0.314
VAR(10)? 0.087*** 0.009
VAR(20)2 0.044* 0.00F
USDX Y ROILP
VAR(1)? 0.029* 0.090**
VAR(2)? 0.054*** 0.267
VAR(5)? 0.036* 0.089**
VAR(10)? 0.006* 0.019*
VAR(20)? 0.025** 0.110

Notes:Y Indicaes the causality direction runs from left side variable to the right side variable.

@ Between the parenthesis following VAR is number of lags selected for vector autoregressive model
(VAR) used in Granger causality test.

* | ndicategrejection of null hypothesis that X does not Granger cauael¥s level.
** |ndicategejection of null hypothesis that X does not Granger cause Yodegel.
** *|Indicategejection of null hypothesis that X does not Granger cause Yoatiéel.
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positions as a per commodty Eutued

Trading Commission(CFTC) reporting categories (%, Jan. 2008June 2009, 286 observations)

Traders category Mean Standard Deviation Range
(Min, Max)
Commerciakraders 44.08 6.03 (32.37,61.20)
Non-commercial traders 49.97 6.97 (30.22,62.77)
Non-reporting traders 5.96 1.60 (3.57,10.10)

tot al
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Table 4.2 Percent net longpositions (PNL) held by Commodity Futures Trading Commission
(CFTC) reporting categories $6, Jan. 2004 June 2009, 286 observations)

Traders category Mean Standard Deviation Range
(Min, Max)
Commercial traders 1.8 7.25 (-8.13, 24.3)
Non-commercial traderg -5.04 4.85 (-185,3.51)
Non-reporting traders 331 4.96 (18.03, 46.91)

Notes: ADF tests show that PNL for nogporting traders is stationary at 5% level,;
while for commercial and necommercial traders these series are stationary at 10%
level.
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Table 4.3 Granger Causality Wald test results fopercent net long position (PNL)and model errors
(Jan. 2004 June 2009, 286 observations)

PNL of each categ

Null Hypot

hesis:

ory of traders does not Granger cause model error

Commercial | Non-commercial Non-reportable
traders traders traders
VAR(2)? Wald test statistic 0.41 0.76 4.42*%*
p-value 0.82 0.68 0.11
R® 7.4% 7.5% 8.7%
Null Hypothesis:

Model error does not Granger cause PNL of each category of traders

Commercial | Non-commercial Non-reportable
traders traders traders
VAR(2)* Wald test statistic 6.9* 4.07** 2.48
p-value 0.03 0.13 0.29
R 96.7% 93.7% 53.8%

Notes:®Indicates the vector autoregressive model for Granger causality test, andrbpawenthesis is
the numbenf lags chosen based &chwarz's Bayesian information criterion (SBIC)
" Indicatessignificance at 5% level.
™ Indicates significance at 15% level.
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Table 4.4 VAR estimation for forecasterror equation (full sample, Jan. 2004June 2009, 286
observations)

Model error equatich

Coefficient Std. error -test fvalue
Model error (1) 0.252 0.059 4.12 0.00(
Model error ¢2) 0.057 0.069 0.95 0.34:
PNL_nonreporting-1)  -0.168* 0.081 -207 0.039
PNL_nonreporing(-2) 0.142+* 0.08 1.74 0.083
Constant 0.008 0.02 0.40 0.701
Normality test

Skewness Kurtosis chi2 palue
JarqueBeratest 46.147
Skewnessest -0.13 0.796 0.37
Kurtosis 4.96 45.35 0.00(

PNL_nonreporting equatich
Coefficient Std. error  z-test {value
Model error (-1) 0.038 0.042 0.92 0.358
Model error ¢2) 0.041 0.42 0.9 0.323
PNL_nonreporting(-1)  0.548* 0.058 9.51 0.000
PNL_nonreporing(-2) 0.235* 0.068 4.07 0.000
Constant 0.072* 0.015 4.92 0.000
Normality test

Skewness Kurtosis chi2 walue
JarqueBera test 41.356 0.00(
Skewnessest 0.162 1.24 0.27
Kurtosis 4.84 4012 0.000

Notes: ® The vector autoregressive model (VAR is selected by Schwarz's Bayesian information
criterion (SBIC)for the optimal number dags with the maximum lags of 24.

" Indicatessignificance at 5% level.

” Indicates significance at 10% level.
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Table 4.5 Oebold-Mariano test results for predictive ability of fundamentals andCommitment of
Traders (COT) data integrated model

No. of observations 80 (forecast period: Dec. 21, 2067 June 26, 2009)
DM test HO: alternative methods are equally accurate on ave

80-step ahead forecasts
Forecasts with Markegwitching effects and speculation
VS. p-value = 079 (fail to reject null lypothesis)
Forecasts with Markegwitching effecs Secofatecast is a better forecast

Forecasts with speculation but without
Markov-switching effects

VS. p-value = 0.83(fail to reject nullhypothesis)
Forecasts without Markeswitching dfects Secofforecast is a hter forecast

No. of observations 40 (forecast period: Sep. 26, 20€@8June 26, 2009)
DM test HO: alternative methods are equally aetaron average

40-step ahead forecasts
Forecasts with Markegwitching effects and speculation
VS. p-value = 0.000 (reject null hypothesis)
Forecasts with Markegwitching effects First forecast is a better forecast

Forecastsvith speculatiorbut without
Markov-switching effects

VS. p-value = 0.000(reject null hypothesis)
Forecasts witbut Markov-switching effects First forecast is a better forecast

No. of observations 20 (forecast period: Feb. 13, 2009 to June 26, 2009)

DM test HO: alternative methods are equally accurate on average

20-step ahead forecasts
Forecasts with Markegwitching effects and speculation
VS. p-value = 0.91 (fail to reject null hypothesis)
Forecasts with Markegwitching effects Second forecast is a better forecast

Forecatswith speculatiorbut without
Markov-switching effects

VS. p-value = 0.62(fail to reject null hypothesis)
Forecasts witbut Markov-switching effects First forecast is a better forecast

No. of observations 20 (forecast period: Feb. 13, 2009 to June 26, 2009
DM test HO: alternative methods are equally accurate on ave

10-step ahead forecasts
Forecasts with Markegwitching effects and speculation
VS. -value =0.49 (fail to reject null hypothesis)
Forecasts with Markegwitching effects Second forecast is a better forecast

Forecasts with speculation but without

Markov-switching effects

VS. p-value = 048 (fail to reject null hypothesis)
Forecasts without Markeswitching effects First forecast is a better forecast
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APPENDIX B
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Figure 2.1 Weekly pricetrend of natural gas and crude oil (Jan. 2004Jun. 2009)

Note: The unit of left yaxis of Rgure 1 represents price of natural gas, denoted as dollar per million British thermal units (MMBTU), and the unit of
right y-axis is price of crude oil, denoted dollar per barrel.
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Panel 1:weekly natural gas price return (the first difference of log of natural gas price) from Jan. 9,
2004 to June 26, 2009
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Panel 1: weekly natural gas price returnfrom Jan. 9, 2004 to June 26, 2009
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Panel 2: fitted values of natural gas pricereturn from the 2-state Markov-switching model
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Figure 2.3Weekly natural gas price return, fitted value and standard deviation
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Figure 2.4 Tweekaheadforecasts using regimeswitching and GARCH (1,1) models
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Figure 2.5 4weekaheadforecasts using regimeswitching and GARCH (1,1) models
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Figure 2.6 20weekaheadforecasts using regimeswitching and GARCH (1,1) models
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