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Evaluating the Empirical Performance of Alternative Econometric Models
for Oil Price Forecasting

Summary

The relevance of oil in the world economy explains why considerable effort has been devoted
to the development of different types of econometric models for oil price forecasting. Several
specifications have been proposed in the economic literature. Some are based on financial
theory and concentrate on the relationship between spot and futures prices (“financial”
models). Others assign a key role to variables explaining the characteristics of the physical oil
market (“structural” models). The empirical literature is very far from any consensus about
the appropriate model for oil price forecasting that should be implemented. Relative to the
previous literature, this paper is novel in several respects. First of all, we test and
systematically evaluate the ability of several alternative econometric specifications proposed
in the literature to capture the dynamics of oil prices. Second, we analyse the effects of
different data frequencies on the coefficient estimates and forecasts obtained using each
selected econometric specification. Third, we compare different models at different data
frequencies on a common sample and common data. Fourth, we evaluate the forecasting
performance of each selected model using static and dynamic forecasts, as well as different
measures of forecast errors. Finally, we propose a new class of models which combine the
relevant aspects of the financial and structural specifications proposed in the literature
(“mixed” models). Our empirical findings can be summarized as follows. Financial models in
levels do not produce satisfactory forecasts for the WTI spot price. The financial error
correction model yields accurate in-sample forecasts. Real and strategic variables alone are
insufficient to capture the oil spot price dynamics in the forecasting sample. Our proposed
mixed models are statistically adequate and exhibit accurate forecasts. Different data
frequencies seem to affect the forecasting ability of the models under analysis.
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1 Introduction

The relevance of oil in the world economy is undisple. According to Eni (2006), the
world oil production in 2005 amounted to 82,268 usand barrels per day (tbd). OPEC
countries produced 33,979 tbd (41.3% of the woildpmduction) in 2005, while OECD
countries and Europe (25 countries) were respansibl20,317 tbd (24.7%) and 2,631 tbd
(3.2%), respectively. At 1 January 2006 world ¢idcks were estimated at 1,124,291 million
barrels. If OPEC countries alone hold 80.2% of daoll reserves, OECD and European
countries can directly count only on 7% and 0.8%spectively. Moreover, world oil
consumption in 2005 was measured in 83,292 tb@% @f which originates from the OECD
countries. The impact of oil on the financial maskés at least equally important. The
NYMEX average weekly open interest volume (O1\dn oil futures and options contracts
was equal to 999,228 contracts during the period22ZD05, it increased to 1,653,135
contracts during 2006 and until mid September 20@06) an increment of 65.4% over the
past four years, whereas it jumped to over 2 nmiltontracts in the third week of September
2006 (source: Commodity Futures Trading Commiss2006).

The peculiar nature of oil price dynamics has até@ the attention of many researchers
in recent years. Figure 1 depicts the behaviouh@fWTI spot price over the period January
1986 - December 2005. From an inspection of thaplgy it is easy to verify that both level
and volatility of WTI spot price are highly sengéito specific economic and geo-political
events. For instance, the small price fluctuatiohghe years 1986-1990 are the result of the
OPEC'’s production quotas repeated adjustments.18B8 sharp increase in WTI spot price
is obviously due to the Gulf war. The remarkablegfalls of the period 1997-1998 coincide
with the pronounced slowdown of Asian economic dglowThe reduction in OPEC’s
production quotas of 1999 has been followed imntellidby a sharp price increase. Finally,
if the price decreases in 2001 are related toristrattack of 11 September, the reduction of
the WTI spot price levels recorded in the perio®2Q005 are again justified by falling
OPEC production quotas and spare capacity.

The more recent evolution of the WTI spot price dastrates how oil price forecasting

is challenging. On 11 August 2005 oil price hagmiso over US$ 60 per barrel (pb), while

! Open interest volume is measured as the sum dbradl contracts (or, equivalently, as the sum bfshbrt
contracts) held by market participants at the dral toading day. It is a proxy for the flow of mgniato the oil
futures and options market.



one year later it has topped out at the recordl lef/@JS$ 77.05 pb. Experts have again
attributed the spike in oil price to a variety @oaomic and geo-political factors, including
the North Korean crisis, the Israel-Lebanon cotyflice Iranian nuclear threat and the decline
in US oil reserves. At the end of the summer 2@066,WT]I oil price has begun to decrease
and reached the level of US$ 56.82 pb on 20 Oct@b86. In the meantime, OPEC has
announced production cuts to stop the sliding pr@e 16 January 2007 prices have been
even lower: US$ 51.21 pb for the WTI spot price &b 51.34 for the first position of the
NYMEX olil futures contract.

Given the relevance of oil in the world economyl déine peculiar characteristics of the
oil price time series, it is hardly surprising tl@insiderable effort has been devoted to the
development of different types of econometric medet oil price forecasting.

Several specifications have been proposed in theogaic literature. Some are based on
financial theory and concentrate on the relatignshetween spot and futures prices
(“financial” models). Others assign a key role &wigbles explaining the characteristics of the
physical oil market (“structural” models). Theseotwmain groups of models have often been
compared to standard time series models, sucheamtidom walk and the pure first-order
autoregressive model, which are simple and, difiidyefrom financial and structural models,
do not rely on additional explanatory variables.

It should be noticed that most of the econometricdefs for oil price forecasting
available in the literature are single-equationedr reduced forms. Two recent noticeable
exceptions are represented by Moshiri and Foro(2806) and Dees et al. (2007). The first
study uses a single-equation, non-linear artifio&lral network model to forecast daily crude
oil futures prices over the period 4 April 19833 January 2003. The second contribution
discusses a multiple-equation, linear model of wWwld oil market which specifies oil
demand, oil supply for non-OPEC producers, as wslla price rule including market
conditions and OPEC behaviour. The forecastingoperdnce of this model is assessed on
quarterly data over the period 1995-2000.

The empirical literature is very far from any conses about the appropriate model for
oil price forecasting that should be implementeiddigs vary across models, time periods
and data frequencies. This paper provides fresh engdence to bear on the following key
question: does a best performing model for oilgfarecasting really exist, or aren’t accurate

oil price forecasts anything more than a mereidi®@



Relative to the previous literature, the paperogehin several respects.

First of all, in this paper we test and systemdticavaluate the ability of several
alternative econometric specifications proposeithénliterature to capture the dynamics of oil
prices. We have chosen to concentrate our investig®n single-equation, linear reduced
forms, since models of this type are the most wideded in the literature and by the
practitioners. In this respect, our study completmehe empirical findings presented in
Moshiri and Foroutan (2006), which are focused o forecasting performance of a single
non-linear model.

Second, this paper analyses the effects of diftedata frequencies (daily, weekly,
monthly and quarterly) on the coefficient estimaiad forecasts obtained using each selected
econometric specification. The factors which padtdiyt affect the goodness of fit and
forecasting performance of an econometric modelnameerous, the most important being
sample period and data frequency. The fact thatamimous conclusions could be drawn by
previous studies on the forecasting performanc&roilar models may depend, among other
things, upon the particular data frequency useshith investigation.

Third, in this paper we compare different modelsddferent data frequencies on a
common sample and common data. For this purposdyawe constructed specific data sets
which enable us to evaluate different types of eowgtric specifications involving different
explanatory variables on the same sample periothikVour composite data base, the WTI
spot oil price as well as the majority of the expltory variables are recorded at different
frequencies.

Fourth, we evaluate the forecasting performanceach selected model using static and
dynamic forecasts, as well as different measurderetast errors. In contrast with previous
studies, which generally employ only fixed estimatand forecasting sample periods, in this
paper static and dynamic forecasts are calculatednéans of fixed as well as rolling
forecasting windows. The latter method is of paittic importance for time series exhibiting
numerous price swings, as in the case of the Wat gice.

Finally, we propose a new class of models whicimlmoe the relevant aspects of the
financial and structural specifications proposedtlie literature. Our “mixed” models
generally produce forecasts which are more accubate the predictions generated by the

traditional financial and structural equations.



The paper is organized as follows. In Section 2owefly review the existing empirical
literature related to oil price forecasting. Sewt® presents and describes the data collected
for the empirical analysis. In Section 4 the engairiresults obtained by forecasting oil prices
with alternative econometric models are discusskte performance of each model is
analysed using different measures of forecastintityaland graphical evaluation “within”
each class of models (i.e. financial, structurahet series and mixed models). Section 5
summarizes the forecasting performance of the ratee specifications, with particular
emphasis on “between”-class analogies and diftm@nSome conclusions and directions for
future research are presented in Section 6.

2 The existing literature on oil price forecasting

The literature on oil price forecasting has focusadwo main classes of linear, single-
equation, reduced-form econometric models. The §reup (“financial” models) includes
models which are directly inspired by financial eemic theory and based on the market
efficiency hypothesis (MEH), while models belongitg the second class (“structural”
models) consider the effects of oil market agemd eeal variables on oil pricésBoth

financial and structural models often use pure teres specifications for benchmarkihg.

2.1 Financial and time series models

In general, financial models for oil price foreéagtexamine the relationship between the
oil spot price at timé (S) and the oil futures price at tinb@vith maturity T (F;), analyzing, in
particular, whether futures prices are unbiased effidient predictors of spot prices. The

reference model is:

S+1 = BO +ﬂlFt +€1+1 (l)

% As pointed out in the Introduction and at the bagig of Section 2, the models analysed in thisepare
linear, single-equation, reduced-forms. In this teshy we use the term “structural model” to identd
specification whose explanatory variables captheereal and strategic (as opposed to financigas of the
oil market.

% Interesting exceptions are Pyndyck (1999) and Rewko (2205), who propose alternative forecastiogets
in a pure time series framework. See Section 2.ddtails.



where the joint null hypothesis of unbiasednggs{d and S=1) should not be rejected, and
no autocorrelation should be found in the erromge(efficiency). A rejection of the joint null
hypothesis on the coefficienfs andf, is usually rationalised by the literature in terofighe
presence of a time-varying risk premium.

A sub-group of models, which are also based onnfiizd theory but have been less

investigated, exploits the following spot-futuregp arbitrage relationship:

(r+aw-90)(T-t) 2
F =Se ()

wherer is the interest rateyis the cost of storage amtis the convenience yiefd.

Samii (1992) attempts at unifying the two approactiescribed in equations (1) and (2)
by introducing a model where the spot price isrection of the futures price and the interest
rate. Using both daily (20 September 1991 - 15 198§2) and monthly (January 1984 - June
1992) data on WTI spot price and futures priceshwitree- and six-month maturity, he
concludes that the role played by the interestigataclear and that, although the correlation
between spot and futures prices is very high, miospossible to identify which is the driving
variable.

An overall comparison of financial and time sermesdels is offered by Zeng and
Swanson (1998), who evaluate the in-sample andofesdétmple performance of several
specifications. The authors use a daily dataset theeperiod 4 January 1990 - 31 October
1991 and specify a random walk, an autoregressieelemand two alternative Error
Correction models (ECM, see Engle and Granger, 1%¢h with a different definition of
long-run equilibrium. The deviation from the edorium level which characterizes the first
ECM is equal to the difference between the futysese tomorrow and the futures price
today, i.e. the so-called “price spread”. In theos®l ECM, the error correction term recalls
the relationship between spot and futures pricésclwinvolves the cost of storage and the
convenience yield, as reported in equation (2). pieelictive performance of each model is
evaluated using several formal and informal critefihe empirical evidence shows that the

* The arbitrage relationship (2) means that the éstrice must be equal to the cost of financingtirehase of
the spot asset today and holding it until the fegumaturity date (which includes the borrowing dostthe
initial purchase, or interest rate, and any storeggt), once the continuous dividend yield paid bwtthe
underlying asset (i.e. the convenience yield) hasnbtaken into account. See, among others, Clewlodv
Strickland (2000) and Geman (2005) for detailstenarbitrage relationship (2) for energy commoslitie



ECM specifications outperform the others. In paittc, the ECM based on the cost-of-
storage theory performs better than the ECM whpdtHies the error correction term as the
spot-futures price spread.

Bopp and Lady (1991) investigate the performanclgf§ed futures and spot oil prices
as explanatory variables in forecasting the oiltgmice. Using monthly data on spot and
futures prices for heating oil during the periodcBeaber 1980 - October 1988, they find
empirical support to the cost-of-storage thebijhe authors also compare a random walk
against the reference financial model. In this c#se empirical evidence suggests that both
models perform equally well.

Serletis (1991) analyses daily data on one-montiwrds price (as a proxy for the spot
price) and two-month futures price (quoted at NYMHE® heating oil, unleaded gasoline and
crude oil, relative to the period 1 July 1983 - Bdgust 1988 (the time series of gasoline
starts on 14 March 1985). He argues that the pceseia time-varying premium worsens the
forecasting ability of futures prices.

In the empirical literature on oil prices theran@sunanimous consensus about the validity
of MEH. For instance, Green and Mork (1991) offetidence against the validity of
unbiasedness and MEH, analysing monthly prices aedést Light and African Light/North
Sea crude oils over the period 1978-1985. Nevertiselthe authors notice that, if the
subsample 1981-1985 is considered, MEH is suppdyetthe data, because of the different
market conditions characterizing the two time p#sio

The unreliability of unbiasedness and MEH is alsonfed out by Moosa and Al-
Loughani (1994), who analyse WTI monthly data cowgrthe period January 1986 - July
1990. The authors exploit cointegration betweenstrées on spot price and three-month and
six-month futures contracts using an ECM, and stiwat futures prices are neither unbiased
nor efficient. Moosa and Al-Loughani apply a GAR@Hmean model to take into account
the time-varying structure of the risk premium.

Gulen (1998) asserts the validity of MEH by introthg the posted oil price as an
additional explanatory variable in the econometpecification. In particular, using monthly
data on WTI (spot price and one-month, three-mamiti six-month futures prices) for the

period March 1983 - October 1995, he verifies thlanatory power of the posted price by

®> Two different spot prices are considered, nantedyrtational average price reported by the Enerfyyriration
Administration (EIA) in the Monthly Energy Review, carthe New York Harbor ex-shore price, while the
futures contract is quoted at NYMEX.



using both futures and posted prices as independeiables. Empirical evidence from this
study suggests that futures prices outperform tietepl price, although the latter has some
predictive content in the short horizon.

Morana’s analysis (2001), based on daily data f@&biovember 1982 to 21 January
1999, confirms that the Brent forward price canabeunbiased predictor of the future spot
price, but in more than 50 percent of the casesite of the changes in oil price cannot be
accurately predicted. He compares a financial medii a random walk specification and
shows that, when considering a short horizon, bp#tifications are biased.

Chernenko et al. (2004) test the MEH by focusingh@nprice spread relationship:

Si+T_St:/80+/81(Ft_S)+€t 3)

Analysing monthly data on WTI for the period Apt®89 - December 2003, the authors
compare model (3) with a random walk specificatonl find that the empirical performance
of the two models is very similar, confirming thalidity of MEH.

The same model (3) is tested by Chin et al. (20@8) a monthly dataset on WTI spot
price and three-month, six-month and twelve-monitures prices covering the period
January 1999 - October 2004. The empirical findirmge, in this case, supportive of
unbiasedness and MEH.

Another interesting application of financial modeis the oil spot-futures price
relationship is proposed by Abosedra (2005), whohgares the forecasting ability of the
futures price in model (3) with a naive forecasth@ spot price. Specifically, assuming that
the WTI spot price can be approximated by a rand@atk with no drift, he forecasts the daily
one-month-ahead price using the previous tradingsdspot price and constructs the naive
monthly predictor as a simple average of the dailgcasts. Using data for the period January
1991 - December 2001, he finds that both the fstprece and the naive forecast are unbiased
and efficient predictors for the spot price. Theestigation of the relationship between the
forecast errors of the two predictors allows ththauto conclude that the futures price is a
semi-strongly efficient predictor, i.e. the forecagor of the futures price cannot be improved

by any information embedded in the naive forecast.



2.2  Structural and time series models

Structural models emphasise the importance of egpbay variables describing the
peculiar characteristics of the oil market. Somanagles are offered by variables which are
strategic for the oil market (i.e. industrial andvgrnment oil inventory levels), “real”
variables (e.g. oil consumption and production)] gariables accounting for the role played
by OPEC in the international oil market.

Kaufmann (1995) models the real import price of wsing as structural explanatory
variables the world oil demand, the level of OEGDstocks, OPEC productive capacity, as
well as OPEC and US capacity utilisation (definasdttze ratio between oil production and
productive capacity). The author also accountsHerstrategic behaviour of OPEC and the
1974 oil shock with specific dummy variables. Hrabysis exploits an annual dataset for the
period 1954-1989. Regression results show thaggesification is successful in capturing oil
price variations between 1956 and 1989, that isctedficients of the structural variables are
significant and the model explains a high percemtaf the oil price changes within the
sample period.

More recently, Kaufmann (2004) and Dees et al. [2Gpecify a different forecasting
model on a quarterly dataset. In particular, thst fpaper refers to the period 1986-2000,
while the second contribution considers the sampk4-2002. In these studies the authors
pay particular attention to OPEC behaviour, usiagstauctural regressors the OPEC quota
(defined as the quantity of oil to be produced BBET members), OPEC overproduction (i.e.
the quantity of oil produced which exceeds the OREGta), capacity utilisation and the ratio
between OECD oil stocks and OECD oil demand. UsingeCM , the authors show that
OPEC is able to influence real oil prices, whileitheconometric specification is able to
produce accurate in-sample static and dynamic éstec

A number of authors introduce the role of the reéabil inventory level (defined as the
deviation of oil inventories from their normal lévas an additional determinant of oil prices,
for this variable is supposed to summarize the bekween oil demand and production. In
general, two kinds of oil stocks can be considenaaiely industrial and governmental. The
relative level of industrial oil stock®R(S is calculated as the difference between the hctua
level (S) and the normal level of industrial oil stockSY), the latter corresponding to the
industrial oil inventories de-seasonalised andrdeeled. Since the government oil stocks tend

10



to be constant in the short-run, the relative leselgovernment oil stocksRGS can be
obtained by simply removing the trend component.

Ye et al. (2002), (2005) and (2007) develop thréter@nt models based on the oil
relative inventory level to forecast the WTI spoicp. In their 2002 paper, the authors build
up a model on a monthly dataset for the period aignti992-February 2001, where oil prices
are explained in terms of the relative industribktocks level and of a variable describing an
oil stock level lower than normal. Ye et al. (20@5¢sent a basic monthly model of WTI spot
prices which uses, as explanatory variables, tag® of the relative industrial oil stock level,
the lagged dependent variable, a set of dummiesuatiag for the terrorist attack of 11
September 2001D01) and a “leverage” (i.e. step) dummy equal to aoenf1999 onwards
(S99 and zero before 1999, aimed at picking a strattcihange of the OPEC behaviour in
the oil market. The authors compare this speciboatvith: i) an autoregressive model which
includes AR(1) and AR(12) terms and dumniéXl andS99 ii) a structural model where the
oil spot price is a function of the one-month ldgh® industrial oil inventories, the deviation
of industrial oil stocks from the previous yeaewsél, the one-month lag of the oil spot price,
as well as the dummy variablB®1 and09. Each model is estimated over the period 1992-
2003. The basic model outperforms the other twaifipations: in particular, the time series
model is unable to capture oil price variabilithelperformance of each model is evaluated
by calculating out-of-sample forecasts for the @@r2000-2003. The forecasting accuracy of
the two structural models depends on the presehod price troughs or peaks within the
sample period. When considering three-month-aheaecésts, the basic model exhibits a
higher forecasting performance in presence of odeppeaks, while the second structural
specification outperforms the basic model in preseof oil price troughs. On the basis of this
last evidence, Ye et al. (2007), using the samaseéat take into account the asymmetric
transmission of oil stock changes to oil pricese Huthors define a lowL[S) and a high

(HIS) relative industrial oil stock level as follows:

LIS, =RI§ +0¢ if RI§ <-0
{LISt =0 otherwise
(4)
HIS, =RI§ -0 if RIS <0
{HISI =0 otherwise

11



where o 4 indicates the standard deviation of the industilastock level.

The estimated model is:

5 k k 5
S =@, +a,S, + > @, D01, +1599, +>" BRI, + (LIS +G LIS ®)
j=0 i=0 i=0

+> (qHIS. + i HIS?, )+ &

[
i=0

which shows a more accurate forecasting performémae the linear specification proposed
by Ye et al. (2005).

Following Ye et al. (2002), Merino and Ortiz (20Gecify an ECM with the percentage
of relative industrial oil stocks and “speculatioftefined as the log-run positions held by
non-commercials of oil, gasoline and heating oil te NYMEX futures market) as
explanatory variables. Evidence from January 1962June 2004 demonstrates that
speculation can significantly improve the inventargdel proposed by Ye et al., especially in
the last part of the sample.

Zamani (2004) proposes a forecasting model baseal quarterly dataset for the period
1988-2004 and specifies an ECM with the followimglependent variables: OPEC quota,
OPEC overproductionRlIS RGS non-OECD oil demand and a dummy for the last two
quarters of 1990, which accounts for the Iraq Wédne accuracy of the in-sample dynamic
forecasts is indicative of the model’s capabilitycapturing the oil price evolution.

In the pure time series framework, two models, Whare particularly useful for
forecasting oil prices in the long-run, are prombbg Pindyck (1999) and Radchenko (2005).
The data used by the authors cover the period 1896- and refer to nominal oil prices
deflated by wholesale prices expressed in US dollaase year is 1967). Pindyck (1999)

specifies the following model:

S =54 +(B. @)+ (B, + @)t + Bl +e, (6)
@t = al@,t—l + Ult
(aZt = a2§02,t—l + UZl

12



where ¢, and ¢, are unobservable state variables. He estimatestdue| with a Kalman

filter and confronts its forecasting ability withet following specification:

S =S, +B BB +E (7)

on the full dataset and three sub-samples, nam&ip-1970, 1970-1980 and 1870-1981.
Model (6) offers a better explanation of the flattans of oil prices, while specification (7)
produces more accurate forecasts.

Radchenko (2005) extends Pindyck’s model, allowihg error terms to follow an

autoregressive process:

S=SatBtg tatte (8)
ﬂt = al%t—l + Ult

G =011 T Uy

& = P&, T,

The forecasting horizons are 1986-2011, 1981-20976-2011 and 1971-2011. Overall,
the empirical findings confirm Pindyck’s resultéthaugh the model is unable to account for
OPEC behaviour, leading to unreasonable price mexliNevertheless, the author suggests
that forecasting results can be improved signitigaby combining specification (8) with a
random walk and an autoregressive model, whichbeaconsidered a proxy for future OPEC
behaviour.

3 The data

We have constructed four different datasets, with following frequencies: daily,
weekly, monthly and quarterly. Prices refer to Wiude oil spot price§) and WTI crude oll
futures prices contracts with one-month, two-monkimee-month and four-month maturity
(F1-F4), as reported by EIA. Weekly, monthly and qudytelata have been obtained by
aggregating daily observations with simple arithmeheans, taking into account that the
futures contract rolls over on the third busineay grior to the 25th calendar day of the
month preceding the delivery month. The sample iovee period 2 January 1986 - 31
December 2005.

13



Due to the limited availability of structural vabias at high frequencies, the daily and
weekly datasets include observations on the WTkegrionly. Therefore, we have
concentrated our analysis on financial and timesanodels at daily and weekly frequencies,
whereas we have estimated the structural speadicatising monthly and quarterly data.

The monthly dataset includes observations ovemp#reod January 1988 - August 2005
for the following variables: OECD governme@S and industrial I§) crude oil stocks; olil
consumption in the OECD countrie®Q); the world crude oil production\(P); the non-
OPEC crude oil productiomNOP); the commodity price indeXP@l), with June 1982 as basis.
All variables are expressed in million barrels day (mbd) and are obtained from EIA, with
the single exception &tPI, which is from the Bureau of Labor Statistics.

The quarterly data range from the first quarted @93 to the third quarter of 2005 and
refer to the following variablesGS IS, OECD ©D) and non-OECD NOD) oil demand
(source: International Energy Agency); OPEOP) and non-OPEC NOP) crude oil
production (expressed in mbd and obtained from E@PEC sustainable oil production
capacity PC) in mbd (source: Petroleum Intelligence Week@PEC quota @Q) in mbd
(source: EIA); the short-term interest raty Obtained from the Federal Reserve Board of
Governors.

Moreover, we have constructed the following vaeablOPEC overproductiol®y), as
the difference between OPEC oil production and ORjfEGta; OPEC capacity utilization
(CU), as 100 times the ratio between production armmbymtive capacity; OPEC spare
capacity 80, given by the difference betwe®€ andOP.

The complete list of the variables employed in énepirical analysis is summarized in
Table 1. Table 2 reports some descriptive stasisticsaggregated by frequency. It is worth
noticing that the annualized standard deviationfiloancial prices is highest for the daily
frequency and decreases as frequencies decreaseer€ely, the coefficient of variation
shows a homogeneous behaviour of the WTI priceslfdrequencies. The large majority of
the other variables seem to be less volatile whemjuarterly frequency is considered.

Prior to estimation, we have checked for the presei unit roots in the variables using
standard Augmented Dickey-Fuller tests. All varésbhre integrated of order one, t),

with the exception of industrial oil stocks (at iy and quarterly frequencies) and of world
(i.e. OPEC and non-OPEC) crude oil production, which out to be stationary, ®0) (see
Table 3). Moreover, we have tested for bi-variatmtegration between the WTI spot price

14



and each futures price using the Johansen testeiiipgrical results (see Tables 4-7) are
always supportive of the presence of one cointegyaelationship between the spot price and

each futures price.

4  Empirical results

We have evaluated the forecasting performance &erdint econometric models
available in the existing literature, which can meonducted to the two main classes
described in Section 2, namely “financial” and tstural” models. We also propose a new
class of models which combine the relevant aspettfinancial and structural models
(“mixed” models), and are based on the assumpliahthe interaction between financial and
macroeconomic variables can improve the understgndf oil price behaviour. Financial,
structural and mixed models are confronted withepiime series specifications, such as the
random walk with drift and the first-order autoregsive model.

The estimation period for time series and finangiablels runs from January 1986 up to
December 2003, while the interval from January 2@0Becember 2005 is used for forecast
evaluation. Structural and mixed models have betimated on the sample January 1993 -
December 2003, and forecasts have been producethdoperiod January 2004 - August
2005. For all models and frequencies, the estimatiethod is Ordinary Least Squares
(OLS). Financial models have also been expresseerins of ECM, in order to exploit the
cointegrating relationship between oil spot andfess prices.

Four different types of forecasts have been prodiude static forecasts with fixed
estimation and forecasting sampfes) dynamic forecasts with fixed estimation and

forecasting samplée’s;iii) static forecasts with a two-year-width rolijnestimation and

® A static forecast for the oil spot price is defires a one-step-ahead forecast§oAssume that the reference
model is:§ = aS.1+BX+&, whereX; is a generic regressor agds a classical error term. The fixed estimation
sample ig=1,...,T, whereas the forecast sample=$+1,...,T+k. The reference model is estimated on the fixed

estimation sample to obtain OLS estimates of thamaters, i.e.d and [. Then, the sequence of static

forecasts is calculated aém =as, + ,@’XTH; éﬂz =as,,, + ,5’XT+Z, etc.

" A dynamic forecast for the oil spot price is a mattp-ahead forecast f&¢ Assume that the reference model
is identical to the model described in Footnoté\§.in the static forecast framework, the referemumlel is

estimated on the fixed estimation sample to ob®lis estimates of the parameters, &.and [. Then, the

sequence of dynamic forecasts is calculatedSs; = @S, + BX1..; Sri, = ASry, + BXqy,, ete. Itis

evident that one-step-ahead static and dynamiccdste are identical, while, far>2, n-step-ahead static
forecasts differ from the correspondingtep-ahead dynamic forecasts, since the sequérotual valuesry.,,
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forecasting window; iv) dynamic forecasts with aotwear-width rolling estimation and
forecasting window.

The computation of rolling forecasts involves thikofeing steps. First, the base equation
is estimated on a rolling window, whose width ha®r chosen to be equal to two years.
Second, dynamic and static forecasts are produceal tavo-year width forecasting window
using the estimated coefficients obtained in thet fistep, and different measures of
forecasting performance are computed. Third, watéeon steps one and two by rolling both
the estimation and forecast window by one periadil the end of sample is met. A direct
evaluation of the impact of the forecasting appho@e. fixed sample versus rolling window)
on the forecasting performance of each estimatedeime obtained by calculating, for each
forecasting measure, the simple arithmetic meats eflues obtained at each iteration.

Four canonical measures have been used to evéhgaterecasting performance of each
estimated model: Mean Absolute Error (MAE); Mean Abso Percentage Error (MAPE);
Theil Inequality Coefficient (Theil); Root Mean Sqead Error (RMSEY.

4.1 Financial models

In Section 3 we have pointed out that, indepengemitithe frequency considered, the
WTI spot price and the four WTI futures prices invaadvin the empirical analysis allél).
Moreover, the WTI spot price and each WTI futuresgare cointegrated, that is there exists
a stationary, long-run equilibrium relationship weéen the WTI spot price and the WTI
futures price at different maturities. Equivalentllge residuals of the relationship between

spot and futures prices:

Sri2, ..., €nters the expression of the static forecagidle the dynamic forecasts depend on the sequehce

predicted valueém, Siipien
8 Suppose that the forecast sample=i§+1,...,T+k and that, at timet, the actual and fitted values of the

dependent variable are, respectively,and S, . The forecasting evaluation measures can be dedisied

T+k [ 2 ~
T+k | . TR S -5 o S_S
Y 5-] S(-s) 258 Z[S ]
MAE=Y“T1_, RMSE={&TL Theil = k v MAPE=100 .
T+k . T+k
Se \/285
t=T+1 + t=T+1
k k

While RMSE and MAE are scale-dependent and should be useshtpare forecasts for the same variable
across different models, MAPE and Theil are scale-invarMoteover, Theil ranges from 0 to 1, with zero
indicating perfect fit.
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S =a+pBF +¢ ©)

arel(0), for T equal to one month, two months, three months aod months, respectively.

The presence of cointegration betwegnand F, can be exploited via the following ECM

representation:

AS =a+ BOF + yECT, +1), (10)

where the error correction terfaCT) is given by the residuals of model (9).
The estimation results and the forecasting perfone@aof model (10) for different
frequencies and futures price contracts are regpantéables 8-11. For each data frequency

and futures price, the constant tern is not significant, while the coefficienfs is

significantly different from zero and close to ofiéese findings support the hypothesis that

futures prices are unbiased predictors of spotepridhe coefficient of adjustmemnt is

always significant and negative; its absolute valeereases as futures maturity increases,
indicating that convergence to the long-run equititm is faster for one-month than for our-
month futures contracts.

For all data frequencies, with the exception of kiypelata, the goodness of fit of the
estimated model, summarized by the adjustécdBcreases with the maturity of WTI futures
prices. Moreover, models with the most satisfacExglanatory ability are all estimated on
monthly and quarterly data.

Residual autocorrelation has been investigated whin Breusch-Godfrey Lagrange
multipliers (LM) test Results highlight the presence of high-order sederelation in the
residuals for all models, except for the specif@aestimated on monthly data.

The presence of heteroskedasticity in the resicuadsbeen checked with the White LM

test’® The null hypothesis of homoskedasticity is rejeddg the models estimated on daily,

® The null hypothesis of the Breusch-Godfrey (BG) tesinisesidual autocorrelation of orderUnder the null
hypothesis, the BG test statistic has an asymp;bficdistribution, withp degrees of freedom.

1% The null hypothesis of the White (W) test for heteroskiszipsis that the squared regressors and regressors
cross-products do not contribute to the explanationehibdel squared residuals. Under the null hypothesis of

homoskedasticity, the W test statistic is asymptoticg?(ﬂ@-distributed withg degrees of freedong, being the
number of squared regressors and regressors cross-products.
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weekly and monthly data (with the exception of thedel involving the one-month WTI
futures contract).

The evaluation measures calculated on the statecdsts with fixed estimation and
forecasting samples show that an increase of therityaof futures prices worsens the
forecasting capability of the estimated models. @&iageable exception is represented by
weekly data, where model (10) involving the two-riofutures prices produces the most
accurate forecasts. When dynamic forecasts withdfestimation and forecasting samples are
considered, the values of MAE, RMSE, Theil and MA§tUggest that the models estimated
on daily and weekly data generate inaccurate fetereespective of the maturity of the
futures contract, while the forecasts obtained logeh (10) on monthly and quarterly data are
more satisfactory.

The empirical performance of static and dynamiedasts with a two-year-width rolling
estimation and forecasting window can be summariaedfollows. All the forecasting
evaluation criteria associated with the static ¢asts point out that the model performance is
a decreasing function of the maturity associateth whe futures prices involved in the
econometric specification. The results in termslypfamic forecasting are very similar to the
corresponding case with fixed estimation and fosting samples.

The empirical results obtained by estimating thachenark time series model (1) on
monthly data are reported in Table 12. There arsigificant differences in the coefficient
estimates with respect to model (10), althoughotrerall explanatory power of the regression
is slightly lower. Each forecasting measure shdwesreduced forecasting ability of model (1)
with respect to the ECM specification (10). In pafar, MAE and RMSE are much higher

than the corresponding values obtained for mod#l (1

4.2 Structural and mixed models

Structural and mixed models have been estimategt torl monthly and quarterly
frequencies, due to the lack of data on the stratt@riables at higher frequencies.

For monthly data we propose two different speciies. In the basic mixed model the
WTI spot price is regressed on the WTI futures ggriOPEC consumption, the relative
inventory industrial level of the previous monthdaa step dummy for 1999699, which

accounts for a structural change of the OPEC’s\aebain the international oil market:
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S =a+[F, +)OC, + RIS, + 1599, +¢, (11)

The structurakpecification considers as explanatory variablesrétative oil inventory
level of the previous month as well as of the prasiyear, the world oil production of the
previous month, the commodity price index, the stiemmy S99 and a set of dummy

variables capturing the effects of 11 Septembed ZD01):

5 12
S =@+ /RIS, + WP, + RIS, + PP, + 1599 + > @ D01, +5, )
i=0

The empirical findings show that the mixed model)(lhas a much higher explanatory
ability than the structural model (12). Moreovére tresiduals of the mixed model (11) are
less affected by serial correlation and heterositézity (see Table 13).

The lagged relative industrial oil stock levels atgely affects the oil spot price,
irrespective of the number of lags, although thereged coefficients are very small in both
specifications. An increase in the world oil protloie causes a reduction in the WTI spot
price, as expected. On the contrary, in model tié)ise of OECD oil consumption leads to
an increase of the WTI oil spot price. There i®asidence that the commodity price index
and the oil spot price move in the same directkinally, from inspection of Table 13, the
forecasting evaluation measures indicate the dammaf the mixed model (11) over the
structural model (12).

On quarterly data we estimate the following fodfedent types of models:
In(S)=a+AInF, +)AInF, + AIN(NOD, +OD,)+¢InIS, +JAInIS, +¢, (13)
In(S)=a +3In(NOD, +OD,)+¢In1S, +IAINIS, +$InS, +&, (14)

S 15
S =a+ RIS, + RIS, +@OR,, +¢ (NOD, +OD,)+ S99, + > ¢, DOL, +¢, (49
j=0
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5 16
S =a+ RIS, +RIS_, +@OP_, +¢(NOD, +0D,)+¢S_, + 1599, + > ¢, D01, +¢, (16)

j=0

Specification (13) is a mixed model, model (15pisely structural, while models (14)
and (16) are structural specifications, where tggéd dependent variable is introduced
among the regressors to solve for residual autelzdion.

The mixed model (13) outperforms the other threscHjgations in term of explanatory
power: the adjustedRs 0.99 for the mixed model (13), close to 0.94 rfmdels (15) and
(16), and equal to 0.83 for model (14). The diagnotests for serial correlation and
heteroskedasticity do not highlight any problenthie residuals of each model (see Table 14).

As already discussed for monthly data, OPEC oitlpotion and the industrial oil stocks
variable, irrespective of the way it enters thec#fmtion (i.e. level or relative level), have a
negative impact on the oil spot price. The worldl @@mand appears in three of four
specifications, with a positive influence on théspot price. The forecasting performance of
the mixed model (13) is clearly superior for boitkel and rolling forecasts. A comparison
among the other three models shows that specditgtl4) provides the most favourable
values for each forecasting indicator, althouglexglanatory power is the lowest.

In Tables 15-17 short-run and long-run marginaé@t, as well as short-run and long-
run elasticities are reported. With monthly datee(§able 15), the effects exerted by the
relative oil inventories level RIS) over the oil spot price are very small and exh#bi
negative sign. In model (12) both short-run andgloum marginal effects are negative. In
particular, in the long-run, as expected, the nmaigeffects of the relative oil inventories
level over the oil spot price are larger, in absokalue, than in the short-run.

Larger short-run impacts are generated on the it $rice by lagged world olil
production WP) and commodity prices indexP@l), being negative for the former and
positive for the latter.

Estimation results of structural models (15) an€) (@n quarterly data are reported in
Table 17. The relative oil inventories level hadl st negative marginal effect on oil spot
prices, both in the short-run and in the long-r@R.EC oil production QP) has a negative
effect on the spot oil price. On the contrary, ltaith demand (i.eNOD+OD) positively
affects the WTI spot price.
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In Table 16 short-run and long-run elasticities tbe oil spot price to different
explanatory variables are presented. Within theechimmodel (13), the response of the oll
spot price to a contemporaneous change in industrkantories (S) is negative: the short-
run elasticity is equal to -1.049, indicating thatariation in industrial oil stocks is associated
with a decrease in the spot price of the same amwmen structural model (14) is estimated,
the oil spot price is more reactive to industridl inventories. In this case, the short-run
elasticity is equal to -2.101. The long-run elastjovhich represents the average response of
the oil spot price to a change in industrial oitentories within the estimation period, is equal
to -6.256, showing a very high sensitivity of thespot price to oil inventories. Both short-
run and long-run elasticities of the oil spot priogotal oil demand are positive, being equal

to 0.964 and 2.871, respectively, and indicateangtreactivity of prices to quantities.

4.3 Time series models

When the model for the oil spot price is a randoailkwthe implicit assumption is that
the best predictor for the oil price tomorrow i thil price today. On the contrary, if we
believe that the data generating process underlyh oil spot price is first-order
autoregressive, we assume that the current valtleeddil spot price does not embed the total
amount of information needed for accurate forengstinstead, we are saying that the oll
price today strictly influences the realizationtbé oil price tomorrow, the strength of this
effect depending on how the autoregressive coefftds close to zero or one.

Tables 18 and 19 summarize the estimation resdiggnostic tests and forecasting
indicators associated with the random walk moddl the autoregressive model. Specifically,

we have estimated the following random walk witHtdr

S =a+S_ +e¢ (a7)

The drift o is not significant for all frequencies. The ad@ts® is rather high: when
daily and weekly data are considered, it is equ&l.99 and 0.93, respectively, and it slightly
decreases with the data frequencies. Serial ctoelaas been detected for all frequencies
except the quarterly data, whereas heteroskedgstffiects model residuals for all data

frequencies.
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The proposed measures of forecasting evaluatidouleged on the static forecasts with
fixed estimation and forecasting sample, suggeat the oil spot price today is a good
predictor of the oil spot price tomorrow, but akbat its forecasting ability decreases with
data frequency. Similar conclusions emerge from itispection of the values of MAE,
RMSE, Theil and MAPE calculated for rolling stafiicecasts.

Conversely, both fixed and rolling dynamic foresasthibit an unexpected behaviour. In
the first case, lagged oil spot price seems to Ibeti@r predictor for actual oil spot price when
the model is estimated with daily and monthly datahe second case, more accurate rolling
dynamic forecasts are produced by the model estoh@t weekly and monthly data.

When the data generating process for the oil spioeps supposed to be first-order

autoregressive, the oil spot price is modelled as:

S=a+pS,t¢g (18)

Our empirical analysis shows that the constant tieratatistically insignificant for daily
and weekly data, while it becomes significant ggefcent when model (18) is estimated on

monthly and quarterly data. The autoregressiveficiait o is significant at all frequencies,

and its value is generally very close to 1. Theusigid-R ranges from 0.99 for daily data to
0.70 for quarterly data. Residual serial autocatieh has not been detected for the quarterly
model only, while only the weekly model has homalsistic residuals.

The forecasting evaluation indicators outline thmbdel (18) at daily frequency
outperforms the same specification at the othegueacies, if static and dynamic forecasts
with fixed sample and rolling static forecasts arensidered. A different behaviour
characterizes the rolling dynamic forecasts, whhee best forecasting performance comes

from the monthly model.

5 Overall comparison

In Section 4 the forecasting performance of finahcstructural and mixed models is
evaluated, in order to verify whether it is possiltb identify, within each class, a best
performing model. Simple time series specificatitiave been included in the evaluation

procedure as benchmarks against which each maogihifi” each class, can be compared.
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This section aims at emphasizing the relevance batween’-class comparisons for a
thourough evaluation of the forecasting abilityedich econometric specification.

Financial models generally exhibit, for all frequass, a more satisfactory forecasting
behaviour than pure time series specifications. |&/time series models seem to produce
more accurate forecasts when fitting daily datsaricial models are preferable with monthly
and quarterly frequencies. It is interesting tagethat, within the class of financial models,
monthly forecasts are the most accurate and owimerthe forecasts obtained on quarterly
data.

For all frequencies, the explanatory power of tisggies models is quite high when
compared to more complex models, indicating that iticlusion of the lagged dependent
variable captures most of the dynamics in the pibtsprice. For forecasting purposes,
however, we notice that pure time series model$esieaccurate than financial specifications
for all frequencies, as all measures univocallydate. Furthermore, the forecasting ability of
pure time series models seems to be more sensitidata frequency: the volatility of the
values recorded by the majority of the indicatdréocecasting performance is larger for time
series models at different data frequencies.

The comparison between time series models andstaliecnodels suggests that the latter
perform significantly better than the former at gstimation level for monthly and quarterly
frequencies. However, this superiority dies awayemlhe focus is on forecasting. On this
respect, the only specifications which outperfoha pure time series models are the mixed
models, which include the oil futures price amaomg ¢xplanatory variables.

Within the class of mixed models, the most religblecasts are generated with monthly
data, while for structural models the quarterlygfrency produces better results. If, on the one
hand, the quarterly dataset permits to proposerakspecifications for both structural and
mixed models, on the other hand the use of monthly débavs& us to estimate only two
specifications, both affected by serial correlatiand heteroskedasticity. One possible
interpretation for the in-sample statistical ina@ay of the models estimated on monthly data
concentrates on data frequency: temporal aggregafithe data may help to eliminate error
serial dependence and volatility clustering. Howewee cannot exclude that the difficulty
with monthly specifications is directly linked tbet limited number of variables entering the

estimated mixed and structural specifications.
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Figures 2 and 3 graphically summarize the main gogbifindings. Figure 2 illustrates,
for the period January 2003 - December 2005, tfierdnt forecasting behaviour of financial
models (1) and (10) at monthly frequency. As alyeadted, model (1) is unable to capture
the future dynamics of the spot oil price, while dab(10) produces a very accurate fit.
Nevertheless, model (10) is of little use in a tiue-of-sample forecasting framework.
Actually, model (10) requires the prediction of thdures price, which shares the same
difficulties as predicting the spot price.

The graphical comparison among financial model ,(X0ixed model (13), structural
model (16) and the random walk (17) is reportedrigure 3. The quarterly financial and
mixed models (10) and (13) perform fairly well, disethe presence of the futures contract
among the explanatory variables. The random walldeh(l7) seems to capture the trend in
the data, but fails to produce reliable forecastialyies. Finally, the performance of structural
model (16) is severely insufficient in capturing thil price dynamics.

Although it is not possible to provide a rigoroasking of the estimation and forecasting
performance of the competing models, the empificalings presented in this paper can be
summarized as follows. First, financial modelsamdls do not produce satisfactory forecasts
for the WTI spot price, since the forecasted pxiakies generally “follow” the actual price
values. Second, the financial ECM specificatiorldgeaccurate in-sample forecasts. Financial
ECM takes into account the short-run and long-rantemporaneous relationships between
oil spot and futures prices, but it can hardly bgyed for true out-of-sample forecasting,
due to the presence of the oil futures price amihiegregressors. Third, real and strategic
variables alone are insufficient to capture the smbt price dynamics in the forecasting
sample. This result explains the generally pooedasting performance of the structural
models, which are also heavily dependent on theecbrspecification of the forecasting
mechanism for the exogenous variables. Fourth,pooposed mixed models, which exploit
the combination of financial, real and strategiplaratory variables, are statistically adequate
and exhibit accurate forecasts. Fifth, differentadaequencies seem to affect both estimation
and the forecasting ability of the models undenyas In general, models estimated on low
frequency data tend to generate more accurateastecFinally, although pure time series
models allow the researcher to compute true owaaiple forecasts, their in-sample

forecasting performance is far from being satisfact
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6 Conclusions

The relevance of oil in the world economy as weltlee specific characteristics of the oil
price time series explain why considerable effas bbeen devoted to the development of
different types of econometric models for oil prfoeecasting.

Several specifications have been proposed in tbeagic literature. Some are based on
financial theory and concentrate on the relatignshetween spot and futures prices
(“financial” models). Others assign a key role &vigbles explaining the characteristics of the
physical oil market (“structural” models).

The empirical literature is very far from any conses about the appropriate forecasting
model that should be implemented. Findings varyossrmodels, time periods and data
frequencies.

Relative to the previous literature, the paperogeahin several respects.

First of all, we test and systematically evaluabte tability of several alternative
econometric specifications proposed in the liteeata capture the dynamics of oil prices. We
have chosen to concentrate our investigation oglesiequation, linear reduced forms, since
models of this type are the most widely used inliteeature and by the practitioners.

Second, we analyse the effects of different dagquencies (daily, weekly, monthly and
quarterly) on the coefficient estimates and forecabtained using each selected econometric
specification. The fact that no unanimous conclusioould be drawn by previous studies on
the forecasting performance of similar models mapethd, among other things, upon the
particular data frequency used in each investigatio

Third, we compare different models at differentadfitbquencies on a common sample
and common data. We have constructed specific sats which enable us to evaluate
different types of econometric specifications ivnog different explanatory variables on the
same sample period.

Fourth, we evaluate the forecasting performanceach selected model using static and
dynamic forecasts, as well as different measurdsretast errors. In contrast with previous
studies, in this paper static and dynamic forecaistsevaluated by means of fixed as well as
rolling forecasting windows. The latter method sparticular importance for time series

exhibiting numerous price swings, as in the cage@fWTI spot price.
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Finally, we propose a new class of models whicimlmoe the relevant aspects of the
financial and structural specifications proposedtlire literature. Our “mixed” models
generally produce forecasts which are more accubate the predictions generated by the
traditional financial and structural equations.

Although it is not possible to provide a rigoroasking of the estimation and forecasting
performance of the competing models, the empificalings presented in this paper can be
summarized as follows. Financial models in levaisndt produce satisfactory forecasts for
the WTI spot price. The financial ECM specificatigields accurate in-sample forecasts. Real
and strategic variables alone are insufficient aptaere the oil spot price dynamics in the
forecasting sample. Our proposed mixed models, lwbiploit the combination of financial,
real and strategic explanatory variables, are ss$iizdily adequate and exhibit accurate
forecasts. Different data frequencies seem to affeth estimation and the forecasting ability
of the models under analysis. Although pure timeesemodels allow the researcher to
compute true out-of-sample forecasts, their in-darfgrecasting performance far from being
satisfactory.

The empirical results presented in this paper pminthat a best performing econometric
model for oil price forecasts is still to appeathe literature. For this reason, we suggest two
promising directions for future work in this ardarst, it could be useful to develop more
accurate economic models for key financial andcstinal driving variables. Examples are
provided by models which combine physical oil rgssrwith economic and regulatory
variables (e.g. Moroney and Berg, 1999), or whiesalibe OPEC as well as non-OPEC
behaviour (see, among others, Dees et al., 2000delM of this type can be used as
forecasting mechanisms for the driving variableg are likely to improve the out-of-sample
forecasting performance of the financial and stmait models currently available in the
literature. Second, it is crucial to identify a eévariables which accurately reflect changes in
oil market expectations, such as the non-commeleoia positions on oil futures markets

used to proxy oil futures prices (Merino and Or#@05).
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Table 1. Complete list of variables used in the empiricalgsis

Variable Sample Frequency Source Acronym
WTI spot price 2/1/1986 31/12/2005 D, W, M, Q EIA S
WTI futures price contract 1 2/1/1986 31/12/2005 D, WM EIA F1
WTI futures price contract 2 2/1/1986 31/12/2005 D, WM EIA F2
WTI futures price contract 3 2/1/1986 31/12/2005 D, WM EIA F3
WTI futures price contract 4 2/1/1986 31/12/2005 D, WM EIA F4
OECD government oil stocks Qiﬁggg:zg?ZOOSOS M, Q IEA GS
OECD industrial oil stocks Qiﬁgggzggfzogos M, Q IEA IS
Non OPEC countries oil production Qiﬁgggzggfzogos M, Q EIA NOP
OECD oil consumption 1/1988-8/2005 M EIA oC
World oil production 1/1988-8/2005 M EIA WP
Commaodity price index 1/1988-8/2005 M BLS PPI
OECD oil demand Q1/1993-Q3/2005 Q IEA oD
Non-OECD countries oil demand Q1/1993-Q3/2005 Q IEA NOD
OPEC oil production Q1/1993-Q3/2005 Q EIA OoP
COaF’plilf:lit;ustainable oil production Q1/1993-Q3/2005 Q PIW PC
OPEC quota Q1/1993-Q3/2005 Q EIA 0oQ
Short-term interest rate Q1/1993-Q3/200pb Q FRBG I
OPEC overproduction Q1/1993-Q3/2005 Q Cog‘g_‘g%j as: ov
OPEC capacity utilization Q1/1993-Q3/2005 Q %’ggg;ffo"’(‘f cu
OPEC spare capacity Q1/1993-Q3/2005 Q Coggfgepd as: gp
Notes to Table .1D = daily frequency; W = weekly frequency; M = monthheduency; Q = quarterly

frequency; Qi = ith quarter, i=1,2,3,4; EIA = Energy mhation Administration; BLS = Bureau of Labor
Statistics; IEA=International Energy Agency; PIW=Petroleunelligence Weekly; FRBG = Federal Reserve
Board of Governors.
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Table 2.Descriptive statistics

Variable | Obs. | Mean | Median| Max. | Min. Std. Annualised Std. CV (%)
Dev. Dev.
Daily frequency
S 5023 | 24.05 20.37 69.91 10.25 10.53 166.50 43.78
F1 5023 | 24.03 20.37 69.81 10.42 1054 166.65 43.86
F2 5023 | 23.87 20.24 69.98 10.54 1057 167.13 44.28
F3 5023 | 23.72 20.09 70.23 10.58 10.56 166.97 44.52
F4 5023 | 23.56 20.05 70.41] 10.70 10.52 166.34 44.65
Weekly frequency
S 1175 | 24.07 20.37 68.47 10.8f7 10.5( 62.00 43.62
F1 1175 | 23.44 20.34 66.09 1098 09.75 62.06 41.60
F2 1175 | 23.94 20.23 68.6( 10.91 10.50 62.30 43.86
F3 1175 | 23.80 20.14 69.03 11.06 10.50 62.30 44.20
F4 1175 | 23.65 20.09 69.28 11.28 10.52 62.06 44.48
Monthly frequency
S 240 24.04 20.40 66.12 11.3p 10.48 36.30 43.59
F1 240 24.02 20.44 66.13 11.3b 10.49 36.34 43.67
F2 240 23.86 20.25 66.63 11.73 10.53 36.48 44.13
F3 240 23.71 20.02 67.06 11.86 10.53 36.48 44.41
F4 240 23.55 19.96 67.42 11.96 10.49 36.34 44 54
GS 212 61.21 62.66 75.2( 4750 0.07 22.57 0.11
IS 212 | 129.32 129.32 139.82 117.Y7 0.04 14.15 0.03
OoC 212 45.44 46.26 51.74 3748 3.24 11.22 7.13
WP 212 64.45 64.15 73.96 56.94 4.41 15.28 6.84
NOP 212 38.23 37.96 42.86 3466 2.12 6.93 5.55
PPI 212 | 125.90 125.15 157.60 104.60 11.19 41.57 8.89
Quarterly frequency
S 80 23.84 20.54 62.57 12.68 10.02 20.26 42.04
F1 80 23.82 20.53 62.59 12.6Y 9.92 20.26 41.64
F2 80 23.66 20.34 63.35 12.7Y 9.95 20.34 42.04
F3 80 23.50 20.29 63.91 12.86 994 20.34 42.28
F4 80 23.35 20.32 64.28 1296 9.89 20.26 42.35
GS 51 21.58 21.31 24.91 1948 0.01 2.78 0.06
IS 51 43.02 43.06 46.24 39.51 0.03 2.85 0.07
oD 51 46.94 47.20 50.40 41.50 2.16 4.32 4.60
NOD 51 28.11 27.90 34.20 23.80 2.88 5.76 10.25
OoP 51 27.66 27.52 31.43 2465 1.79 3.58 6.47
NOP 51 38.66 38.42 42.70 3476 2.32 4.64 6.00
PC 51 29.63 30.34 31.95 2596 1.67 3.46 5.84
0oQ 51 24.52 24.52 28.00 21.0Y 154 3.08 6.28
ov 51 3.14 3.57 8.09 0.63 1.62 3.24 51.59
CuU 51 93.37 94.07 98.35 81.64 3.69 7.38 3.95
SC 51 1.98 1.65 5.75 0.53 1.17 2.34 59.09
| 51 3.73 4.41 6.02 0.92 1.64 3.28 43.97

Notes to Table 2For names of variables see Table 1; Obs = number of obseisjaliiean = sample mean;
Median = sample median; Min. = minimum value in the sample; Mamaximum value in the sample;
Annualised Std. Dev. = std. dev. multiplied by the squaoé af the number of periods in the year (i.e. 250 days,
35 weeks, 12 months and 4 quarters); CV = Coefficient aditian, calculated as std. dev. divided by the mean.
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Table 3. Augmented Dickey-Fuller tests for financial and neg@conomic variables

Deterministic

Variables components Number of lags (p) ADF statistic
Daily Financial Variables
S a,#20,a,#0 0 -1.991
As a,=0a, = 0 -73.304**
F1 a,=0a,#0 0 -1.800
AF1 a,=0a, = 0 -71.763*
F2 a,=0a,#0 0 -1.154
AF2 a,=0a, = 0 -70.800**
F3 a,=0a,#0 0 -0.755
AF3 a,=0a,#0 0 -70.685**
F4 a,=0a, = 0 -0.485
AF4 a,=0,a,#0 0 -72.486**
Weekly Financial Variables
S a,=0a,=0 2 1.348
As a,=0a,=0 1 -29.583**
F1 a,=0,a,#0 1 -1.566
AF1 a,=0a,=0 0 -39.341%
F2 a,=0a,=0 2 1.467
AF2 a,=0a,=0 1 -28.505%*
F3 a,=0a,=0 2 1.693
AF3 a,=0a,=0 1 -28.558*
F4 a,=0a,=0 2 1.912
AFa a,=0,a,%0 1 -28.867*
Monthly Financial Variables
S a,=0a,=0 2 1.667
As a,=0a, = 0 -12.559*
F1 a,=0a, = 2 1.699
AF1 a,=0a, = 0 -12.626%*
F2 a,=0a, = 2 1.012
AF2 a,=0a, = 0 -12.310*
F3 a,=0a, = 2 2.162
AF3 a,=0a, = 1 11.234%*
F4 a,=0a, = 2 2.364
AF4 a,=0a,#0 1 -11.582**
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Table 3.Continued

Deterministic

Variables components Number of lags (p) ADF statistic
Quarterly Financial Variables
S a,=0a,=0 0 1.878
As a,=0a,=0 0 -8.080*
F1 a,=0a,=0 0 1.909
AF1 a,=0,a,#20 0 -8.046**
F2 a,=0a,=0 0 2.108
AF2 a,=0a,=0 0 -7.890*
F3 a,=0a,=0 0 2.324
AF3 a,=0a,=0 0 -7.639%
F4 a,=0a,=0 0 2.531
AFa a,=0a,=0 0 -7.359*
Monthly Macroeconomic Variables
GS a,=0a,=0 1 4574
AGs a,#0,a,=0 0 -11.571**
IS a,#0,a,=0 12 -4.579%
oc a,=0a,=0 14 9.780
Aoc a,%z0,a,=0 13 -5.766*
wp a,z0,a, %20 0 -4.017*
NOP a,=0,a,#0 1 -1.578
ANOP a,=0a,=0 0 -19.925**
PPI a,=0a,=0 1 3.269
APPI a,#20,a,=0 0 -12.534**
Quarterly Macroeconomic Variables
cu a,#0,a,=0 1 -2.289
Acu a,=0a,=0 0 -6.266%*
GS a,=0a,=0 0 4.379
AGs a,%z0,a,=0 0 -5.528%*
IS a,#0,a,=0 4 -4.384*
NOD a,#0,a,#0 0 -3.467
ANOD a,=0a,#0 2 7.048%
NOP a,=0a,#0 2 4.557
ANOP a,#0,a,=0 1 -8.983**
oD a,#0,a,=0 3 -2.543
AoD a,#0a,=0 2 -18.662**
oP a,#0,a,#0 1 -2.354
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Table 3.Continued

Variables Deterministic Number of lags (p) ADF statistic
components
Aop a,=0a,=0 0 -5.561*
oQ a,#20,a,=0 0 -2.377
AoQ a,=0a,=0 0 -6.676*
ov a,=0,a,#0 0 -3.404
Aov a,=0a,=0 1 -6.888**
PC a,#0,a,=0 0 -2.121
Apc a,=0,a,=0 0 -5.856**
s¢ a,=0a,=0 0 -1.034
Asc a,=0,a,=0 0 -6.054**

Notes to Table 3The Augmented Dickey-Fuller test for a unit root is basethe following regression:
Ay, =a, +ayt+ B Yy + BAY . ..t BAY , +V,
Critical values are from MacKinnon (1991, 199p)indicates the augmentation; the selectiop @ based on

the Schwartz Information Criterion; * (**) represents ré¢jge of the null hypothesis of a unit root at the 0.05
(0.01) significance level.

Table 4.Cointegrating vectors and unrestricted cointegratamk tests - Daily data

Variables
N° of coint vec Trace Max-eig S F1 Trend Constant
None 1284.684 1281.664
[20.262] [15.892] 1.000 -1.004 -1.36?6 0.050
3.020 3.020 (0.001) (5.7¢€°) (0.022)
At most 1 [9.164] [9.164]
S F2 Trend Constant
262.712 261.640
None [15.495] | [14.265] 000 -1.033 ] ]
At most 1 1.142 1.142 : (0.005)
[3.841] [3.841]
S F3 Trend Constant
136.235 135.177
None [20.262] [15.892] 1000 -1.061 ) 0.844
At most 1 1.058 1.058 ' (0.012) (0.263)
[9.164] [9.164]
S F4 Trend Constant
99.397 0.845
None [20.262] [9.164] 1000 -1.089 ) 1.313
98.552 0.845 ' (0.013) (0.399)
At most 1
[15.892] [9.164]

Notes to Table 4Trace and Max-eig are Johansen’s trace and maximum-eigenvahtegcaiion tests,
respectively; in columns 4-7 we report the estimated (nozedlicoefficients of the cointegrating equation
S =8, +B,t+ B,Fm, wherem is the maturity 1f+1,2,3,4); standard errors and 5% critical values for the

Johansens's tests are reported in round and square braekpectivelyx*e™ is equivalent tox*10™.
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Table 5.Cointegrating vector coefficients and unrestriatethtegration rank tests - Weekly data

Variables
N° of coint vec Trace Max-eig S F1 Trend Constant
Nonhe 53.379 53.105
[12.321] [11.225] 1.000 -1.026 ) )
0.273 0.273 (0.005)
Atmost 1 [4.130] [4.130]
S F2 Trend Constant
Nonhe 103.506 103.400
[12.321] [11.225] 1.000 -1.007 ) )
At most 1 0.107 0.107 ' (0.002)
[4.130] [4.130]
S F3 Trend Constant
None 62.082 62.026
[12.321] [11.225] 1.000 -1.017 ) )
At most 1 0.055 0.055 ' (0.004)
[4.130] [4.130]
S F4 Trend Constant
None 46.180 0.033
[12.321] [4.130] 1.000 -1.026 ) )
At most 1 98.552 0.033 ' (0.007)
[15.892] [4.130]

Notes to Table 55ee Table 4.

Table 6. Cointegrating vector coefficients and unrestriatethtegration rank tests - Monthly data

Variables
N° of coint vec Trace Max-eig S F1 Trend Constant
None 52.773 52.766
[12.321] [11.225] 1.000 -1.001 ) )
0.007 0.007 (0.0003)
Atmost 1 [4.130] [4.130]
S F2 Trend Constant
None 26.333 26.328
[12.321] [11.225] 1.000 -1.011 ) )
At most 1 0.006 0.006 ' (0.004)
[4.130] [4.130]
S F3 Trend Constant
None 24.492 24.472
[12.321] [11.225] 1.000 -1.021 ) )
At most 1 0.020 0.020 ' (0.007)
[4.130] [4.130]
S F4 Trend Constant
None 23.417 23.368
[12.321] [11.225] 1.000 -1.029 ) )
At most 1 0.049 0.049 ' (0.010)
[4.130] [4.130]

Notes to Table &Gee Table 4.
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Table 7.Cointegrating vector coefficients and unrestriatethtegration rank tests - Quarterly data

Variables
N° of coint vec Trace Max-eig S F1 Trend Constant
Nonhe 27.137 26.919
[12.321] [11.225] 1.000 -1.001 ) )
0.218 0.218 (0.0003)
Atmost 1 [4.130] [4.130]
S F2 Trend Constant
Nonhe 26.067 25.933
[12.321] [11.225] 1.000 -1.009 ) )
At most 1 0.134 0.134 ' (0.003)
[4.130] [4.130]
S F3 Trend Constant
None 27.957 27.796
[12.321] [11.225] 1.000 -1.016 ) )
At most 1 0.161 0.161 ' (0.006)
[4.130] [4.130]
S F4 Trend Constant
None 28.600 28.409
[12.321] [11.225] 1.000 -1.023 ) )
At most 1 0.191 0.191 ' (0.007)
[4.130] [4.130]

Notes to Table See Table 4.
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Table 8. Estimates, diagnostic tests and forecasting messorenodel:
AS =a + PAF, + ECT _, + &, - Daily data

Futures
Model F1 F2 F3 F4
Estimation sample 1986.01 2003.12
0.003 0.006 0.004 0.003
¢ (0.004) (0.007) (0.005) (0.005)
5 0.934** 1.038** 1.131* 1.158**
(0.006) (0.009) (0.011) (0.012)
-0.546** -0.136** -0.064** -0.043**
v (0.012) (0.007) (0.005) (0.004)
Adj-R2 0.839 0.732 0.707 0.669
BG test 17.010%* 166.637** 164.435** 157.757*
W test 496.864** 962.135** 707.529** 1083.623**
Forecasting sample 2004.01 2005.12
MAPE 0.354 0.476 0.541 0.581
Static MAE 0.191 0.260 0.297 0.320
Forecasts| Theil 0.004 0.004 0.005 0.005
RMSE 0.425 0.503 0.542 0.567
MAPE 10.122 25.783 21.525 20.192
Dynamic | MAE 5.921 14.872 12.770 11.979
Forecasts| Theil 0.060 0.145 0.127 0.120
RMSE 7.147 18.561 15.954 14.968
Rolling forecasting window: two years
Rolling MAPE 0.547 0.748 0.801 0.841
Forecasts MAE 0.144 0.194 0.209 0.221
: Theil 0.005 0.006 0.007 0.007
(Static)
RMSE 0.291 0.348 0.371 0.398
Roli MAPE 14.535 45,983 37.017 29.486
Fo‘r’eg;%ts MAE 4.009 10.603 8.546 6.913
(Dynamic) Theil 0.090 0.249 0.199 0.177
RMSE 4.755 12.410 10.001 8.099

Notes to Table 8.Standard errors are reported in parentheses; * (**) repie€edb (0.01) significance level,
BG is the Breusch-Godfrey test for residual autocorrelatfamrder 4; W is the White test for heteroskedasticity;
MAPE = Mean Absolute Percentage Error; MAE = Mean AbsoluterEfitheil = Theil Inequality Coefficient;
RMSE = Root Mean Squared Error.
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Table 9.Estimates, diagnostic tests and forecasting mes$orrenodel:
AS, =a + fAF, + ECT_, + &, - Weekly data

Futures

Model F1 F2 F3 Fa
Estimation sample 1986.01 2003.12
-0.002 0.004 0.005 0.004
¢ (0.012) (0.011) (0.013) (0.014)
B 0.981** 1.037** 1.087** 1.133**
(0.008) (0.009) (0.010) (0.012)
-0.175** -0.302** -0.139** -0.091**
v (0.018) (0.022) (0.016) (0.013)
Adj-R2 0.924 0.934 0.912 0.896
BG test 28.736** 121.291** 69.866** 51.282**
W test 161.168** 163.718** 193.177** 194.251**
Forecasting sample 2004.01 2005.12
MAPE 1.203 0.526 0.766 0.890
Static MAE 0.591 0.251 0.364 0.428
Forecasts| Theil 0.008 0.006 0.007 0.007
RMSE 0.837 0.603 0.693 0.741
MAPE 18.076 5.249 6.263 7.142
Dynamic | MAE 8.813 2.918 3.513 4.016
Forecasts| Theil 0.103 0.037 0.048 0.054
RMSE 9.476 3.793 4.965 5.696
Rolling forecasting window: two years
Rolling MAPE 1.516 0.869 1.139 1.262
Forecasts MAE 0.411 0.209 0.290 0.325
: Theil 0.009 0.007 0.009 0.010
(Static)
RMSE 0.575 0.389 0.471 0.512
i MAPE 26.625 13.395 14.358 14.180
F'?)(r)eg;%ts MAE 6.909 2.575 3.115 3.212
(Dynamic) Theil 0.194 0.066 0.076 0.077
RMSE 8.204 2.994 3.663 3.807

Notesto Table 9 See Table 8.
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Table 10.Estimates, diagnostic tests and forecasting mesasorenodel:
AS = a + PAF, + )ECT_, + &, - Monthly data

Futures

Model F1 F2 F3 F4
Estimation sample 1986.01 2004.01
0.002 0.002 0.003 0.001
¢ (0.005) (0.022) (0.030) (0.036)
B 1.003** 1.069** 1.138** 1.220**
(0.003) (0.013) (0.020) (0.026)
-0.788** -0.162** -0.141* -0.123**
v (0.067) (0.070) (0.035) (0.032)
Adj-R? 0.998 0.968 0.941 0.915
BG test 4.759 2.252 0.525 1.187
W test 10.253 41.498** 57.247** 48.465**
Forecasting sample 2004.02 2006.01
MAPE 0.171 0.730 1.039 1.460
Static MAE 0.081 0.363 0.524 0.741
Forecasts| Theil 0.001 0.005 0.007 0.009
RMSE 0.140 0.475 0.698 0.943
MAPE 0.575 4.450 6.677 9.762
Dynamic MAE 0.322 2.396 3.694 5.414
Forecasts| Theil 0.004 0.027 0.044 0.063
RMSE 0.444 2.812 4.614 6.750
Rolling forecasting window: two years
Rolling MAPE 0.231 1.152 1.559 1.852
Forecasts MAE 0.060 0.314 0.424 0.507
: Thell 0.002 0.007 0.010 0.012
(Static)
RMSE 0.085 0.400 0.538 0.648
Rolling MAPE 0.763 2.565 4.218 5.305
Forecasts MAE 0.215 0.731 1.168 1.511
(Dynamic) Thell 0.005 0.015 0.025 0.031
RMSE 0.261 0.874 1.421 1.853

Notesto Table 10See Table 8.
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Table 11.Estimates, diagnostic tests and forecasting mesasorenodel:
AS =a + PAF, + ECT_, + &, - Quarterly data

Futures

Model F1 F2 F3 F4
Estimation sample 1986.01 2003.12
0.002 0.009 0.009 0.005
¢ (0.006) (0.043) (0.067) (0.085)
B 1.006** 1.058** 1.120** 1.186**
(0.002) (0.016) (0.027) (0.036)
-0.656** -0.373* -0.329** -0.314**
v (0.116) (0.092) (0.085) (0.080)
Adj-R? 0.999 0.985 0.963 0.941
BG test 9.383** 0.6148* 7.673* 9.034*
W test 9.609 12.120 11.126 11.417
Forecasting sample 2004.01 to 2005.12
MAPE 0.121 1.107 2.001 2.845
Static MAE 0.060 0.551 1.001 1.436
Forecasts| Theil 0.001 0.007 0.011 0.016
RMSE 0.107 0.681 1.196 1.705
MAPE 0.398 3.777 6.863 9.665
Dynamic MAE 0.220 2.052 3.733 5.274
Forecasts| Theil 0.003 0.023 0.040 0.057
RMSE 0.275 2.401 4.367 6.211
Rolling forecasting window: two years
Rolling MAPE 0.163 1.179 1.810 2.259
Forecasts MAE 0.042 0.316 0.491 0.620
: Thell 0.001 0.007 0.011 0.014
(Static)
RMSE 0.052 0.401 0.623 0.793
Rolling MAPE 0.288 2.578 4.079 5.119
Forecasts MAE 0.082 0.660 1.070 1.370
(Dynamic) Thell 0.002 0.014 0.023 0.029
RMSE 0.099 0.777 1.268 1.642

Notesto Table 11See Table 8.
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Table 12.Estimates, diagnostic tests and forecasting messorenodel:

S =a+ [F_ +& -Monthly data
Futures
Model F1 F2 F3 F4
Estimation sample 1986.01 2003.12
1.042 2.124 3.031 3.872
¢ (0.503)* (0.795)** (0.994)** (1.166)**
5 0.955 0.915 0.883 0.852
(0.023)** (0.037)** (0.047)** (0.055)**
Adj-R? 0.888 0.741 0.624 0.524
BG test 8.753** 108.002** 140.71%* 151.76**
W test 27.576** 8.593* 3.281 4.430
Forecasting sample 2004.01 to 2005.12
MAPE 6.313 10.539 13.018 16.107
Static MAE 3.185 5.209 6.373 7.809
Forecasty Theil 0.041 0.061 0.078 0.095
RMSE 3.995 5.915 7.397 8.841
Rolling forecasting window: two years
Rolling MAPE 4.399 6.643 8.078 9.541
Forecasts MAE 1.350 2.020 2.371 2.740
: Thell 0.026 0.039 0.047 0.054
(Static)
RMSE 1.653 2.409 2.876 3.201

Notesto Table 12 See Table 8.

40




Table 13.Estimates, diagnostic tests and forecasting mesasoréhe structural and mixed models
Monthly data

Variables | Model (11) | Model (12)
Estimation sample 1993m01 2003m12
-0.392** 35.885**
Constant (0.122) (6.224)
F 1.005** ]
! (0.002)
0.005*
OG (0.002) i
-4.02€> -1.25¢>**
RIS (1.89€°) (3.39¢°)
24267+
RIS ) (3.32¢°
-0.752*
WP - (0.150)
0.254**
PPl - (0.072)
-4.721%
DO, ) (1.299)
-0.040* 9.093*
S99 (0.020) (0.809)
Adj-R? 0.999 0.722
BG test 7.731* 95.078**
W test 1.312 43.023**
Forecasting sample 2004m01 2005m08
MAPE 0.379 37.208
Static | MAE 0.186 19.304
Forecasty Theil 0.002 0.271
RMSE 0.240 21.487
Rolling forecasting window: two years
Rollin MAPE 0.289 18.753
Forecagsto MAE 0.068 4.384
- Theil 0.002 0.108
(Static)
RMSE 0.087 5.065

Notesto Table 13 See Table 8; models (11) and (12) are described in 8ecfo
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Table 14.Estimates, diagnostic tests and forecasting messorestructural and mixed models -
Quarterly data

Variables | Model (13) | Model (14) | Model (15) | Model @)
Estimation sample 19930Q1 200304
8.278* 13.397* 8.689 9.942
Constant (1.040) (5.052) (8.333) (7.789)
0.991*
In(F,) (0.016) - - -
0.088*
A(In (Ft)) (0.029) - - -
0.243*
St1) - - - (0.099)
0.664**
In (S1) - (0.097) - -
0.964*
In (NOD+OD)) - (0.419) - -
0.3367*
A(In (NOD+ODy)) (0.167) - - -
0.384* 0.294*
NOD+OD; ) - (0.117) (0.115)
-1.049* -2.101%*
In (1S) (0.128) (0.645) - -
0.686** 1.669*
A(in (1S)) (0.160) (0.694) - -
-0.032* -0.025%*
RIS i i (0.003) (0.004)
-0.017* -0.010*
RIS4 - - (0.003) (0.004)
-0.675* -0.646**
OPr - - (0.235) (0.219)
-5.378% -4.991%*
. i i (1.169) (1.100)
8.303* 6.691*
S99 i i (0.808) (0.998)
Adj-R* 0.995 0.836 0.933 0.942
BG test 0.641 2.940 0.919 1.532
W test 13.689 7.315 7.463 8.330
Forecasting sample 2004Q1 2005Q4
MAPE 2.708 16.187 27.646 30.649
Static MAE 1.304 8.247 14.172 15.937
Forecasts| Theil 0.015 0.115 0.209 0.218
RMSE 1.471 9.967 16.876 17.926
MAPE - 27.646 - 37.653
Dynamic | MAE - 14.172 - 19.715
Forecasts| Theil - 0.209 - 0.286
RMSE - 16.876 - 22.446
Rolling forecasting window: two years
Rolling MAPE 1.718 14.4273 24.311 16.193
Forecasts _MAE 0.486 3.598 6.426 4.081
(Static) Theil 0.011 0.080 0.146 0.092
RMSE 0.596 4.180 7.481 4.692
Rolli MAPE - 23.348 - 23.575
Fo‘r’eggsts MAE - 5.925 - 6.242
(Dynamic) Theil - 0.135 - 0.142
RMSE - 6.872 - 7.275

Notesto Table 14 See Table 8; models (13)-(16) are described in Section 4.2
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Table 15.Short-run and long-run marginal effects

Model (1) S, = a + BF, + JOC, + RIS, + S99+ ¢,

Explanatory Variables

Short-run Marginal Effects

Long-run Marginal Effects

oG, (0.002) -
RIS, pec -
Model (12): S =a + ARIS_, + WER_, + RIS_,, + ¢PPI, + S99+ D01+ ¢,
WR. 0150 :
P -
RIS, %3223595)* -3.67¢°
RIS Ay (4130

Notes to Table 15Standard errors are reported in parentheses; * (**) sepite 0.05 (0.01) significance level;

long-run marginal effects are calculatedladRME =

dependent variable, if present.

B+o

Table 16.Short-run and long-run elasticities

——, where g is the coefficient of the lagged

Model (13) In(S)=a + BInF, +)AInF, + AIn(NOD, +OD,)+¢In IS, +JAINIS, +¢,

Explanatory Variables

Short-run Elasticity

Long-run Elasticity

In(1S,)

-1.049 **
(0.128)

Model (14): In(S,) = @ + 5In(NOD, +OD, )+ ¢In IS, +IAINIS, +@InS_, +¢,

0.964 2871

In(NOD, +0D,) (0.419) (0.635)
2.101 76.256 **

in(is,) (0.645) (0.391)

Notes to Table 16tandard errors are reported in parenthdseg:run elasticities are calculated as

LRE= B , where p is the coefficient of the lagged dependent variable, if ptese

@-p)
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Table 17.Short-run and long-run marginal effects

Model (15): S, = @ + ARIS_, + ARIS_, + ¢OP_, + ¢(NOD, +OD, ) + S99+ D01+ ¢,

Explanatory Variables Short-run Marginal Effects Long-run Marginal Effects
(NoD, +0D,) So117)
OR. (235
RIS, _?69353;* -0.049 **
RIS, _?6(.)353;* (0.0034)
Model (16): S, = @ + ARIS_, + RIS_, + ¢gOP_, + ¢(NOD, +OD, ) + ¢S, + S99+ DO1+¢,
(Nop, +0D)) (0115
OR, (0219
RIS, (0008 0,046
RI 3_4 (2003(())4*;* (0.0028)

Notes to TablelSee Table 15.
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Table 18.Estimates, diagnostic tests and forecasting messorenodel:S = a +S_; + ¢,

Model Frequencies Daily Weekly Monthly Quarterly
Estimation sample 1986.01 2003.12
0.005 0.011 0.067 0.219
¢ (0.009) (0.044) (0.124) (0.347)
Adj-R® 0.991 0.930 0.886 0.686
BG test 13.650** 72.576** 15.569** 2.980
W test 114.571** 18.310** 35.482** 12.329**
Forecasting sample 2004.01 2005.12
MAPE 1.710 2.897 5.546 8.345
Static MAE 0.935 1.438 2.815 4.048
Forecasts Theill 0.011 0.018 0.035 0.051
RMSE 1.238 1.853 3.495 4.863
MAPE 11.697 31.280 31.298 32.378
Dynamic MAE 6.831 16.702 16.682 16.863
Forecasts Theil 0.078 0.233 0.231 0.234
RMSE 8.311 19.277 19.119 18.998
Rolling forecasting window: two years
Rolling MAPE 1.918 3.689 6.488 9.976
Forecasts MAE 0.509 0.940 1.686 2.559
: Theil 0.013 0.033 0.039 0.061
(Static)
RMSE 0.700 1.583 2.107 3.197
i MAPE 26.459 25.212 25.239 25.890
Fi?eg;%ts MAE 6.937 6.555 6.601 6.787
(Dynamic) Theill 0.166 0.157 0.157 0.159
RMSE 8.268 7.813 7.814 7.913

Notes to Table 18ee Table 8.
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Table 19.Estimates, diagnostic tests and forecasting measorenodel:S, = a + oS _; + &,

Model Frequencies Daily Weekly Monthly Quarterly
Estimation sample 1986.01 2003.12
0.061 0.113 1.115* 3.264*
¢ (0.031) (0.108) (0.502) (1.428)
Yo, 0.997** 0.997** 0.950** 0.855**
(0.001) (0.004) (0.023) (0.066)
Adj-R? 0.991 0.980 0.888 0.702
BG test 12.534** 54.286** 16.837** 1.635
W test 155.566** 5.800 27.785** 8.258*
Forecasting sample 2004.01 2005.12
MAPE 1.726 2.911 6.424 14.343
Static MAE 0.944 1.446 3.241 6.994
Forecasts Theil 0.011 0.019 0.042 0.084
RMSE 1.243 1.858 4.094 7.709
MAPE 24.830 30.872 40.983 42.092
Dynamic MAE 14.727 16.492 21.722 21.814
Forecasts Theil 0.182 0.230 0.316 0.318
RMSE 17.758 19.055 24.608 24.321
Rolling forecasting window: two years
Rolling MAPE 1.936 4.065 6.785 12.697
Forecasts MAE 0.514 1.056 1.783 3.232
: Thell 0.013 0.035 0.041 0.072
(Static)
RMSE 0.702 1.668 2.197 3.724
Rolling MAPE 25.169 26.094 22.733 22.953
Forecasts MAE 7.307 7.585 6.419 6.474
(Dynamic) Thell 0.165 0.170 0.144 0.413
RMSE 8.586 8.770 7.527 7.475

Notesto Table 19See Table 8.
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Figure 1. WTI spot price for the period January 1986 - Decen#t05 (monthly data)

Spot price
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Figure 2. Graphical comparison of models (1) and (10) - Mbnttata
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Figure 3. Graphical comparison of models (10), (13), (16) @ - Quarterly data
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