T

SV,
U

LOUVAIN

School of Management

UNIVERSITE CATHOLIQUE DE LOUVAIN

LOUVAIN SCHOOL OF MANAGEMENT

Cointegration analysis among European crude oil, natural gas

and coal prices between 1980 and 2015.

Supervisor: Sophie Béreau Research Master Thesis submitted by
Alexandre Plaquet

With a view of getting the degree
Master in Business Engineering

ACADEMIC YEAR 2014-2015






First and foremost, | would like to express my
gratitude to my supervisor, Sophie Béreau, for
introducing me to the topic but also for her helm a
guidance during the creation of my thesis.

| would also like to thank my sisters and my
friends for their unconditional support.

Last, but certainly not least, | want to thank my

parents for their love and for always believingrig.






Table of contents

R [ 0] (o To [V Tod 1o o PRSP 1
[I. TheoretiCal Part ...........oiiiiiiii e 3
Chapter 1: LIiterature reVIEW ............uuueeeeeeiiiieeeeeeeeiiie e e e e e et e e e e e eeaennes 3
1.1. Cointegration thEOory...........uiiiiiiiee e 3
1.2. Non-stationarity and unit root tests...........ccoeeeevvviiiiiiie e 4
1.3. EMPINCal STUAIES. .....uiiiiiiieiiiie e 5
R T IO = o =T (o )Y PP 5
1.3.2. Crack SPread........cccuuuiii ittt eeaee 7
1.3.3. Political IMPaCTS.......ccoeeiiieiiiie e 8
1.3.4. Other themeS......coouiiiiii e 9
Chapter 2: European Energy OVEIVIEW ........cccccceeerrruiieeeeeeeeiiiieeeeeeeeannnnns 11
2.1, GENEral OVEIVIEW.....cccee ittt 11
2.2, CrUAE Oll.eeeie e 14
2.3, NALUIal GaS.......ccoiiiiiiiiiiiiii e 15
2.4, €Ol 16
Chapter 3: Methodology .......c.couuuuuiiiiiiieeeiie e 17
3.1, StAtIONAIITY...cceieeeeieee e 17
3.1.1. Stationarity StriCto SENSU..........ceiieeeiiiiiiiiie e rreere e 17
3.1.2. Stationarity Of Order Jo.......ccoooeiiiiiiiii e 17
3.1.3. Weak Stationarity............ceeeeeeeeeeiiiiie e rrees e e e 18
G T N[0 ¢ B = L1 0T 1 T= U | Y 2P 19
3.2.1. Trend StatiONary...........cevie e e 19

3.2.2. Difference Stationary...........cccuuuuiiieeeeeeeeiiiieeeeeeeeeeemmrain e 20



3.3, UNIt FOOL tESES ... ittt 23
3.3.1. Simple Dickey-Fuller teSt..........ccovuviiiiiiiiiii e 24
3.3.2. Augmented Dickey-Fuller test.........ccccoovveeiiiiiiiiiiieeeeieee 25
3.3.3. Phillips-Perron test..........ouuuiiiiiiiiiiiiii e 26
3.3.4. ZIVOt-ANAreWS tESL.....ceiiiiiieeieiiiei e e 28
3.3.5. Kwiatkowski, Phillips, Schmidt and Shin (KPSS) test........... 28

3.4. CoiNtegration tESES.......uiii i er e e e e 30
3.4.1. Definition and PropertieS.......cccuuuriiireeeieeiiiiinee e 30
3.4.2. Error correction MOdel..........ccoovvivieiiiiiiiiiiiiieeeeee e 31
3.4.3. Granger-Causality.........ccooeeiiieiiiiiiie e 32
3.4.4. Engle-Granger methad............ccooveiiiiiiiiiii e 33
3.4.5. Johansen’s ProCedUIE..........uuiiiieeereeeiiiie e e e 36
3.4.6. Structural SNift...........oomiiiiii e 39

. PractiCal Part............ooeeiiiiiiiiiiiie e 41
Chapter 4: Data ........ccceuiiiiiieeiee et 41

4.1, Origin Of data.........cuiiiiiiiiiiiiie e 41

4.2. Logarithm PriCES......uuiiii i 44

4.3. Logarithm retUrns.........ooouuiiiiii e 45

4.4. Probability diStriDUtiONS........ccooeiiiiiiiiii e 46

4.5, AULOCOITEIAtION......coiiiiiiiiieii e 47

4.6. NOormality teSt.......uueiiii e 48

Chapter 5: ANAlYSIS......uuiiii e 49

5.1, INFOAUCTION. .....uiiiiiiieieiiee e 49

5.2. Stationarity tEStS......ccuuiiii i e 49



5.3. CoINtegration tESES.......uuiii i eer e 56
5.3.1. Order of INtegration...........ccouuuiiiiiiiiiiiii e 56
5.3.2. Engle-Granger methad............cooceeiiiiiiiiiicii e 57

. Granger Causality.........ccooveiiiiiiiiiii e 57

. Cointegration teSL.........ccvuviiii i e 58

li.  Error correction model...........cooouiiiiiiiiiiii e 60

5.3.3. Johansen’s approach..........cccoooovviiiiii e 61

T I = Vol (1 SRR RURPPPPRR 61
ii.  The maximum eigenvalue teSt...........cccccuvviiiiieeeeeeiiiiic e 61
li. Vector error correction model.............oooovviiiiiiieii 62

5.3.4. Structural Shift..........oouuiiii e 63

T 1 2= o S (] SRR UPPUPUUPTTTRR 63
li.  Vector error correction model.............ooooviiiiiiiiiiieii 64
Chapter 6: RESUILS ........coooiiiiiiii e e erre e e 65
Y @ i od [1 1] o o [P 67
V. Bibliography ........iiii i ceeee e n——————- 71

VI. Appendices






. Introduction

The beginning of cointegration theory lies in tlatfthat a lot of financial and
macroeconomic series are non-stationary. But wioemmon methods are applied, a problem
arises and is calledspurious regressidn Spurious regression is a situation in which

variables that are related appear to be statistisgnificant when the variables are unrelated.

Non-stationarity is a property of many time seaes arises when a variable doesn’t
have a clear tendency to return to a constant \@llieear trend. This property consequently
leads to invalidate classical inference methods.

Cointegration theory allows the study of such ntatisnary time series which are
stationary when a linear combination is appliedelit allows specifying stable long-run
relationships while analysing the short-run dynawficvzariables under consideration. Two
cointegration methods will be used in this theSise first one is the Engle-Granger (1987)
method which has the characteristic to be very Ertgimplement but has the main limit to
allow the analysis of only two variables at a time. order to counter this limit, the

multivariate Johansen’s (1991) approach will bedusethe second cointegration method.

In this thesis, we will apply cointegration theaaynong European price series of
crude oil, natural gas and coal in a relative |asgmple of 35 years from 1980 to 2015. Such
empirical research on cointegration among energgiffduels have already been led by
Serletis and Herbet (1999), Villar and Joutz (2008phammadi (2009), Bencivenga et al.
(2010) and Westgaard et al. (2011). Neverthelemse mf them took as large a sample as in
this thesis. Moreover, we also take into accourtt deom the ten last years which are
characterised by a high volatility, especially wile worldwide financial and economic crisis
in 2008 and 2009.

Based on monthly price series of Brent crude @itural gas and coal from European

countries, and using the softwd&geseveral hypotheses are tested in this thesis:

- Hypothesis n°1: There is (are) cointegration retahip(s) using the Engle-
Granger (1987) method between prices of crudeatihal gas, natural gas/coal,
and coal/crude oll.

- Hypothesis n°2: There is (are) cointegration relahip(s) using Johansen’s
(1991) approach.

- Hypothesis n°3: Considering a structural breakrethis (are) cointegration
relationship(s) using Johansen’s (1991) approach.



After this introduction, this thesis is divided antwo mains parts: a theoretical part

and a practical part. Each part is also divided thtee distinct chapters.

The theoretical part is composed of three chapiérs.first chapter is dedicated to
the literature review which contains a non-exhamstist of research that has already been

made in the field of cointegration analysis.

The second chapter of the theoretical part givearamary of the European energy
markets in order to have an overview of the condiompproduction, imports and exports of

crude oil, natural gas and coal in the 28 Euromeamtries.

The third and last chapter of this theoretical garicerns the methodology used in
the practical part. This part explains in a thaoattway all the concepts and tools in order to
analyse the cointegration relationship among oualtes.

The following part is the practical part which is@divided into three chapters. The
fourth chapter is devoted to the data used inthi@sis. A summary of the principal statistical

analysis but also a basic analysis of the crudenatural gas and coal graphs are made.

The fifth chapter is then dedicated to the analgéisur data using the softwakRe
The methodology applied is the same as explainedh&n theoretical part with the
cointegration method of Engle-Granger (1987) arithdsen (1991).

The sixth and last chapter goes through all thacppie results obtained from the
analysis with their interpretations.

Finally, the conclusion gives an end to this thesisich is followed by the

bibliography and the appendices.



[I. Theoretical Part

Chapter 1: Literaturereview

1.1. Cointegration theory

The beginning of the cointegration theory liesha fact that numerous financial and
macroeconomic series have the characteristic ofgbeon-stationary. By applying common
regression methods to this kind of series, we fageroblem which was put forward by
Granger and Newbold (1974) and is callspurious regressiofisThis type of regressions
are characterised by significant coefficients wlibose coefficients are actually wrongly
specified in the estimated model.

Cointegration theory was introduced for the fiiste by Granger (1981, 1986) who
based his work on Sargan (1964) and Hendry (19318u$ing the difference between two
series to explain changes in them. This theorythasspecificity to counter thisspurious
regressiofl phenomenon but also allows studying non-statipresries which are actually
stationary by applying a linear combination on thevioreover, it also allows both the
specifications of long-term relationships and thersterm dynamic analysis. The author
enunciated a theorem in order to bring to light lilk between cointegration and error
correction models (ECMs). This theorem establighes cointegrated series of order 1 can
always be represented by an ECM.

A large literature is devoted to the error cormctimodels. Those models were
especially introduced by Hendrand allow adjustments estimations in order to eahia
long-term equilibrium. Those dynamic models arerabterised by variables evolutions of
both short and long-term. The link between coiraégn and ECM is explained in Granger
(1981, 1983), Granger and Weiss (1983) and EngleGaanger (1987).

Engle and Granger (1987) developed more specifith# concept of cointegration
in their article with estimation procedures, testsd empirical examples. Their main
contribution consists in theEhgle and Granger approathin estimating ECMs. This
approach is a two-step estimation method and waradge lies in its simplicity. However,
this technique is only valid on cointegrated segésrder 1, meaning that there is only one
cointegration relationship among the series. Anotbentribution of this article is the
cointegration tests. Engle and Granger (1987) mejototal of seven tests in order to analyse

! See Davidson, Hendry, Srba and Yeo (1978), Hertligan and Sargan (1984) and Hendry and Richard
(1982, 1983).



the presence of cointegration relationships ineserAfter comparison, the most powerful
seems to be the Dickey-Fuller test (DF) and Augeitickey-Fuller test (ADF).

The limit of the Engle and Granger approach is fdt that it only allows the
determination of one cointegration relationship. drder to face this problem, Johansen
(1988) introduced a multivariate approach of cajrdéon based on the maximum likelihood
process. This method is divided into two stepsstFithe estimators of the maximum
likelihood are settled. Secondly, the number ohtagration vectors is determined with two
statistics proposed by Johansen which are the teat@and the maximum eigenvalue test. The
Johansen’s approach is also developed in Johanseluaelius (1990) and Johansen (1991).

In @ more humorous and popular way, Murray (19€é¥tto explain the concept of
cointegration by taking the metaphor of a drunkesman walking and her dog in order to
explain the variation of two co-integrated timeisgr

More recently, Hendry and Juselius (2000, 2001)reanzed all the cointegration
theories by first explaining the condition of naat®narity and then by explaining the case
of the multivariate nature of cointegration analysi

There are also a lot of monographs on the cointiegraéheory like ‘Cointegration,
Error Correction, and the Econometric Analysis afriNstationary Datafrom Banarjee et al.
(1993), ‘Unit roots, cointegration and structural charfigeom Maddala and Kim (1998) and
“Econométrie des series temporelles, macroéconomigtidinancieres from Lardic and

Mignon (2002) to name but a few.
1.2. Non-stationarity and unit root tests

The non-stationarity characteristic is also desctim a large literature. Indeed, the
cointegration framework comes from the fact thahecseries are non-stationary and cannot
be analysed with traditional tools. Box and JenKit®70) presented a procedure in order to
detect when series are non-stationary. In theménaork, non-stationarity can be identified
by the graphical representation of the seriesrieelogram or by the spectral density function.

Nelson and Plosser (1982) stated the fact thatstetionarity is analysed from two
distinct processes, thdrénd stationary (deterministic characteristic) and thelifference
stationary (stochastic characteristic).

One of the biggest issues of macroeconomic theotiia differentiation of Cycle’
(short term variations) andtrend’ (long term variations). Beveridge and Nelson (1P8
solved this problem by considering that stationseyies are the summation of a transitory

component and a permanent component.



The most common methods to detect non stationanitgeries are the graphical
analysis and the Bartlett (1937) test which cormsistthe correlogram study. However, more
rigorous tests were needed and Fuller (1976) am#teyiand Fuller (1979, 1981) were the
first to present unit root testdDickey-Fuller tests are parametric and have thvaatage to be
very simple but suffer from several limitations dikresiduals autocorrelation. Those
limitations led to other unit root tests like Pip# and Perron (1988) which are non-
parametric tests Perron (1989), Zivot and Andrews (1992) with muctural break variable,
Perron and Vogelsang (1992), Kwiatkowski, Phillifghmidt and Shin (1992) Schmidt and
Phillips (1992) and finally Elliott, Rothenberg arstock (1996) for the most famous

stationarity tests.

1.3. Empirical studies

1.3.1. Energy

A lot of empirical studies about energy prices blatbeir research on a cointegration
framework. Three main themes were actually treati¢lal the first one being the cointegration
relations among energy sources prices (crude ad,and coal). The second theme concerns
the “crack spreatiand is defined asdifferences between wholesale petroleum producepri
and crude oil prices. The crack spread is commonly used in the oil $tigquor futures
trading and literature about it frequently used ¢bmtegration framework in order to analyse
short-term and long-term relationships among thwsse series. The third theme focuses on
the effects of political decisions on energy pricEse most treated political decision concerns
the deregulation of the energy markets that has lmplemented over the last decades in the
U.S.A., Europe and China.

Alexander (1999) deals with the first theme with adicle by taking the comparison
of energy markets with correlation and cointegratiBased on daily futures prices of WTI
crude oil, NYMEX sweet crude oil and natural gds begins with a correlation analysis but
rapidly comes to the conclusion that those commaethods have limitations and is
confronted to Spurious regressiorigssues. In the second part of her work, she fesum
cointegration analysis and identifies that thet fdference with correlation analysis is that
“cointegration refers not to comovements in retuing, comovements in asset priceand

comes to the conclusion that this type of framewiskbetter with energy prices series.

2 See also Banerjee et al (1993), Davidson and Mui€in(1993), Hamilton (1994), Stock (1994), Philpw
Xiao (1998) and Darne and Terraza (2002).

3 See also Phillips (1987).

4U.S. Energy Information Administration Websitetgafwww.eia.gov/todayinenergy/detail.cfm?id=1630).
5 Alexander (1999).



Serletis and Herbert (1999) carried out a studyragmiie North America energy
prices based on Henry Hub and Transco ZdheaBural gas prices but also on fuel oil and
power prices in the same zone. Using the EngleGnashger (1987) cointegration methods,
their main findings were that those energy priceeseshared a similar trend during the
sample period. On the same subject and with thee dammework, Bachmeier and Griffin
(2006) worked on the degree of market integratiorthe U.S. continent in and between three
of the main sources of energy: crude oil, coal magiral gas. In accordance to their results, it
seems that oil markets are much more integrateddbal markets. Moreover, oil and natural
gas exhibit a cointegration relationship in thegiaan.

More recently and still in the U.S zone, Villar addutz (2006) have presented a
report for the U.S. Energy Information Administoatidealing with the relationship between
crude oil and natural gas prices. With the samecag as Alexander (1999), they first did a
correlation analysis resulting in spurious reg@ssiand then a cointegration analysis but in a
multivariate approach using the Johansen’s (199dyquiuré. They analysed the relations
among Henry Hub prices and WTI crude oil betweeB91@nd 2005 and found out the
existence of a cointegrating relationship betwd®sée price series. On the same topic, Brown
and Yucel (2007) made a report for the Federal RedBank of Dallas. Their findings were
the same as Villar and Joutz (2006) about the egration relationship between Henry Hub
natural gas and WTI crude oil, but they found catisality from crude oil to natural gas.
Moreover, they included in their model (Johansgmscedure) variables in order to take
account of weather, seasonality, storage and ptiothudisruptions.

Always on the same topic, Mohammadi (2009) alsolyaed the cointegrating
relationships among electricity, coal, natural gad crude oil prices in the U.S., but by taking
a larger sample of 47 years from 1960 to 2007. i&ingly, his results showed that energy
sources’ prices do not lead the electricity pricethe U.S. and a long-run relationship is only
significant between electricity and coal prices.rbtwver, it seems that there is no such thing
as ‘a unified energy markéwith electricity, coal, natural gas and crude miinting the weak
long-term effect of policies on electricity prices.

Bencivenga et al. (2010) investigated the leveintégration between gas, oil and
electricity markets on the European markets. Basethe prices of the Ice Brent crude oil,

the NBP natural gas (U.K.) and the European EndEgghang& index and using the

6 “Transco Zone 6 is an important segment of thex3ea pipeline extending from Northern Virginia tew
York City, serving the eastern seaboard” (Serkatid Herbert, 1999).

7 See Johansen (1988) and Hendry and Juselius (2000)

8 European Energy Exchange is the leading energyagxe in Central Europe. It develops, operates and
connects secure, liquid and transparent marketsrfergy and related products. On the EEX spot angatives



Johansen’s procedure, the authors discovered goatien relationships between oil, gas and
electricity prices. More preciously, it seems tha energy market is led by one common
trend which can be interpreted as simple source of risk (the oil market), whicheaf§ the
dynamics of the two other commodities (gas andratdg)” (Bencivenga et al, 2010). The
same results appeared for Moutinho et al. (2011 felbused their attention on the Spanish
energy market using this time the OMElectricity market data. They discovered that Bren
crude oil prices tend to lead gas and fuel pricegaments.

Still in Europe, Westgaard et al. (2011) also asedlythe cointegration dynamics
between ICE gas oil and Brent crude oil pricesthatparticularity of their study is that they
focused their research on futures contracts of ipteliengths (1, 2, 3, 6 and 12 month
contracts). The results tend to show that cointegraelationships are more significant for 1
and 2 month futures contracts and even more soeleetvi994 and 2009. In fact, those
relationships do not seem so obvious between 20@R 2009, resulting from the high
volatility of the period. Joéts and Mignon (2012cdied to analyse the same issue but using
forward prices of 35 different maturities. This &mthe existence of a cointegration
relationship is proved in all forward energy pric€ke study also put forward the asymmetric

phenomena among the error correction model.
1.3.2. Crack spread

The second main theme concerning the crack spraadoen analysed by many
authors with the frequent objective to settle ingdand hedging methods targeting to oll
industries. Gjolberg and Johnsen (1999) based W&k on the co-movements between the
spot prices of crude oil and refined products (§aspnaphta, jet fuel, gas olil, light fuel oil
and heavy fuel oil). Their results showed a coiraégn relationship among all refined
products. Girma and Paulson (1999) study was imtgrid crack spread traderilling to
find some valuable information on risk managemarthe oil industry and concluded with
the same results concerning a cointegration reishiip.

Haigh and Holt (2002) focused their work on hedgmgthodologies of energy
futures prices and crack spreads. They baseddhalysis on a MGARCH model which has
the particularity to have frequent portfolio updagtbut seems to be a more expensive process.

They concluded that cointegration can be a verygrfuvtool intended for hedgers. On the

markets, power, natural gas, CO2 emission allowsramal and guarantees of origin are traded. (EE IRt
Brochure 2014).

9 OMIE manages the wholesale electricity marketefreid to as cash or “spot”) on the Iberian Penindiike
any other, the electricity market caters for tlaaling of electricity between agents (producerssuaaorers,
retailers, etc.) at a price that is known, tranepaand accessible. (www.omel.es/).



same subject, Asche et al. (2003) analysed thek gpread between the Brent crude oll
(U.K.) and four major oil products: gas oil, heawel oil, naphtha and kerosene.
Cointegration relationships arise from the analgsid crude oil seems to be the driving factor
in the price generating process for refined prosluldievertheless, heavy fuel oil tends to be
apart without showing long-run relationships withae oil.

Lanza et al. (2005) enlarged their working horizmgncomparing the crack spread
between European and American energies marketigUai multivariate cointegration
framework, Brent crude oil and WTI crude oil priceere compared to products prices
(unleaded gasoline, gasoil and fuel oil). It showedhat crude oil prices and products prices
are cointegrated but also the fact that the lomgralationships seem to be specific to each
area with a stronger significance in the E.U. tilmAmerica.

Christian et al. (2006) dealt with the crack sprbativeen the WTI crude oil prices
and the unleaded gasoline prices using a cointegrilamework but based on the non-linear
Enders and Grangers (1998) model which allowed asstnc adjustment in the estimated
model. The results clearly proved the non-linedgyween WTI crude oil prices and gasoline
prices.

Murat and Tokat (2009) were interested in the fastiog characteristics of the crack
spread futures contracts in order to predict themce movements. Despite some structural
breaks in their model, they manage to demonsthateftitures contracts on crack spread can

be as good predictors as futures contracts on ailde
1.3.3. Political impacts.

The third main theme concerns the political impactl is mostly focused on the
numerous deregulation processes engaged in Eurmpenahe U.S.A. Serletis and Rangel-
Ruiz (2004) analysed the impact of the major energyket deregulation decisions in the
U.S. (U.S. Natural Gas Policy Art in 1978 and thetiMal Gas Decontrol Act in 1989) based
on the Henry Hub gas prices and WTI crude oil gicéhe results demonstrated that a
cointegration relationship was present but mogtéy fact that the deregulation and political
decisions have weakened the relationship betweSndoude oil and natural gas prices.

On the same topic, but located on the Europearggmaarkets, Jamasb and Pollitt
(2005) discussed the impact and the effectivenésheobeginning of the process of such
liberalization in the European Union. A lot of diftnces emerged in comparison to the U.S.
zone especially because of cross border and physteaconnections issues present on the
European markets. Eight distinct regional marketsdd this market and it seems to slow

down and complicate the liberalization and integraprocess on the continent. Asche et al.



(2006) dealt with the same subject but with anreggein the decoupling effect on the gas
market in the U.K. followed by the opening of tméerconnectdf. Panagiotidis and Rutledge
(2007) went deeper into the subject by analysirgithpact on the Brent crude oil and the
natural gas markets in the U.K.

Ma and Oxley (2010) concentrated their work on @t@na markets in order to
identify the existence of a cointegrated energyketamcluding the effects of four major
energy reforms which occured in 1997, 1999, 2002 2004. It results that regional markets
have emerged in China in response to those numemiiisal decisions.

More recently, Rosa (2014) analysed the impact .&. Whonetary policy on energy
prices on three different levels of surprise. Basedntraday data, the results demonstrate that
those monetary policies have an important impacthenvolatility of futures prices, on the

transaction volume but also negative responses émengy prices.
1.3.4. Other themes

Other themes are treated using the cointegratiamdwork like Bunn and Fezzi
(2007) in their work in order to analyse the impaftthe E.U. Emission Trading Scheme on
electricity and gas prices. Ellen and Zwinkels @0A&lso use cointegration analysis to
investigate the impact of agents’ behaviours ompode dynamics. But cointegration methods
are not only used on the energy prices theme asi%/(#013) demonstrated in his study. The
author analysed the contagion phenomena using teamational framework based on ten

equity markets among North America, Europe, Latmehica and Asia.

10 The Interconnector is a natural gas pipeline behwe United Kingdom and continental Europe. tisses
the North Sea between Bacton Gas Terminal in Exdgéand Zeebrugge in Belgium. The construction of the
pipeline was completed in 1998. It provides bi-dii@nal transport capability to facilitate energgading in both
markets. (http://www.interconnector.com/)
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Chapter 2: European Enerqgy Overview

2.1. General overview

European energy markets have many energy sourcaslen to satisfy the needs of
the 28 members of the European Union (EU-28). 1632Ghe gross inland consumption
(GIC)!! of energy in the EU-28 was approximately 1,667idnil tonnes of oil equivalent
(TOE)'2 Based on the GIC of energy in the EU-28, thegthmain energy sources are crude
oil, natural gas and coal followed by nuclear egergnewable energy and other sources like

waste burning.

Figure 1 : Evolution of the cumulative European GIC of energy between 1990 and 2013.
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We can see on Figure 1 that crude oil, natural ayas coal always had (and still
have) an important place in European energy sourdesertheless, it seems that coal
consumption has a declining tendency while natgaal and renewable energies tend to be a
good alternative. Those tendencies can be seen affexct of political decisions of the EU
aiming to switch from fossil fuels to renewable myyesources. The GIC of energy stayed
stable between 2003 and 2008 but decreased by &h8% in 2009, which was the

11 Gross inland energy consumption, sometimes atdtelias gross inland consumption, is the totalggner
demand of a country or region. It represents thatity of energy necessary to satisfy inland coration of the
geographical entity under consideration. (http:&empa.eu/)

2 Tonne(s) of oil equivalent, abbreviated as TOB iwrmalized unit of energy. By convention it igivalent
to the approximate amount of energy that can beeted from one tonne of crude oil. It is a staddad unit,
assigned a net calorific value of 41,868 kilojolkgsand may be used to compare the energy fronerdifit
sources. (http://ec.europa.eu/)
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consequence of a lower level of economic activétguiting from the financial and economic
crisis.

In 2013, oil, gas and coal accounted respectival\88%, 23% and 17% of the total
European consumption (Appendix 1). When combinedepresents approximately 73% of
the total gross inland energy consumption.

The top 3 consumer countries are Germany, Frartétay (Appendix 2 - 3). Those
three countries consume together almost half of tbtal EU-28 consumption. This
consumption can be divided into different sectdilse biggest consumers are the transport
sector which accounts for 32% of the total finaémgyy consumptiol, the residential sector
for 27% and the industry sector for 25% which repres, all combined, 82% of the entire
consumers’ consumption (Appendix 4 - 5).

The energy production of EU-28 is the most conetett on nuclear energy
(Appendix 6 - 7 - 8). In 2013, it represented a6 of the total primary producti&frwith
226.3 million TOE. Nevertheless, we can see in fe@du that the primary production is not
sufficient to cover the entire gross inland constiomp Indeed, in 2013, the energy primary
production only covered 47.4% of the total grosdand consumption. The surplus principally

comes from importations.

Figure 2 : Comparative of the European energy GIC and primary production between 1990 and 2013.
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13 Final energy consumption is the total energy coveii by end users, such as households, industry and
agriculture. It is the energy which reaches thalficoonsumer's door and excludes that which is bsethe
energy sector itself. (http://ec.europa.eu/)

1 Primary production of energy is any extractiorenérgy products in a useable form from natural@sirThis
occurs either when natural sources are exploited gkample, in coal mines, crude oil fields, hygrmver
plants) or in the fabrication of biofuels. (httpg/europa.eu/)
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The most imported energy sources are crude oipvield by natural gas and coal
(Figure 3). EU-28 is very dependent on energy ingwith an energy dependency of 53.2%
in 2013. The origins of those imports are prindip&ussia followed by South Africa, the
United States, Australia and Columbia (AppendixShce 2004, energy net imports of EU-
28 have been higher than its primary productionotirer words, more than half of its GIC

was covered by net imports.

Figure 3 : Evolution of the cumulative European energy imports between 1990 and 2013.
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The European Union also exports energy sourceslynaiinand natural gas but the
comparison between imports and exports clearly stmwimbalance in the relation (Figure 4)
(Appendix 10 - 11).

Figure 4 : Comparative of the European energy imports and exports between 1990 and 2013.
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2.2. Crude all

Crude oil is the most consumed fossil fuel in EUsBh 33% of the total GIC
consumption in 2013 which represented 556.7 mill@E. The biggest consumers of crude

oil in the EU-28 are Germany, France and the Uritedidom (Figure 5).

Figure 5 : Biggest European crude oil consumers in 2013.
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This consumption is supported by the primary prdidncand mostly imports. The
biggest crude oil producers are Norway with 87.4iom TOE, the United Kingdom with
41.9 million TOE and Denmark with 8.7 million TOEigure 6).

Figure 7 : Biggest European crude oil producers in 2013. Figure 6 : Biggest European crude oil importers in 2013.
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The rest of crude oil consumption is based on caildenports coming from Russia
which accounted for about 32% of the total EU-2®ams (Figure 7). The European Union

also relies on Saudi Arabia and Nigeria crude wiparts in order to satisfy its crude oll

demand.
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2.3. Natural Gas

Figure 8 : Biggest European natural gas consumers in 2013.
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Concerning the
production of natural gas, Norway is still the leadased on the primary production with
95.6 million TOE, followed by the Netherlands ahd tUnited Kingdom (Figure 9).

Figure 9 : Biggest European natural gas producers in 2013.
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Figure 10 : Biggest European natural gas importers in 2013.
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2.4. Coal

The third most used fossil fuel in EU-28 is coalek if its consumption has had a
decreasing tendency over the last decades, itsiogrin still corresponds to more than 15%
of the total GIC in 2013. The biggest coal consumdtU-28 is, like for crude oil and natural
gas, Germany with 81.6 million TOE followed by Rafaand the U.K. (Figure 11).

Figure 11 : Biggest European coal consumers in 2013.
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The EU-28 satisfies its coal demand with coal pobidn and imports. The three
main producers of coal are Poland with 56.8 millib@E followed by Germany and the
Czech Republic (Figure 12).

Figure 12 Biggest European coal producers in 2013. Figure 13 : Biggest European coal importers in 2013.
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The European Union also relies on imports in otdesatisfy its demand. The three
main coal importers are Russia, Colombia and thé&ednStates which, when combined
represented about 65% of the entire coal imporOi8 (Figure 13).
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Chapter 3: M ethodology

This chapter sets up the methodology used in thewimg analysis in Chapter 5.
The methodology is divided into two main parts. Tingt main part is dedicated to the unit
roots analysis in which we will investigate the g@ece of non-stationary processes of our
price series using the Augmented Dickey-Fuller ()98st. The second main part is devoted
to cointegration analysis with two different apprbeas being the Engle and Granger approach
(1987) and the Johansen’s procedure (1991).

But before going deeper into unit root tests anidtegration analysis, we will now
recall some basic definitions and properties df@tarity but also non-stationarity processes.

3.1.  Stationarity

There exist two stationarity cases that can beeptted as following:
3.1.1. Stationarity stricto sensu

A processX; is stationary stricto sensu\ft,, t,, ...,t, witht; € T,i =1,...,nand ifYt €T
with t;,, € T, so the joint probability distribution c{Tth, ...,th} is the same as the one of

{Xf1+r’ ’an+r}'
Nevertheless, this definition is too restrictivebmused in empirical research.

3.1.2. Stationarity of order |
A processX; is stationary of ordey if V ty,t,,...,t, Witht; €T,i=1,..,nand ifVvT€eT
with t;,, € T, every joint moment of ordgrof {th, ...,th} exists and is identical to the joint
moments ofX,, , ..., X, } which can be written as:
j1 ]n jl jn
E [(Xt1) (th) ] =E [(Xt1+‘r) (th+‘l.') ]
with ji, ...,j, = 0andj; + - j, <7j.
This definition has the characteristic of beingslesstrictive and allows empirical

research. In this thesis, we will actually usedeénition whenj is equal to 2. This is a well-

known case and it is calleaveak stationarity,
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3.1.3. Weak stationarity

The proces:is stationary of order 2 (or weak stationary) if:

- E(X3) <oVt €Z, (3.1)
- E(XX)=mVvt €2, (3.2)
- Cov (X, Xean) =Y Vt,h €Z (3.3)

wherey is the auto covariance function of the process.
Those three conditions exhibit the fact tifats stationary of order 2 if its mean, its
variance (finite) and its covariance do not dependtime. If a series satisfies those three

conditions, it is stationary.
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3.2. Non-stationarity

A series is said to be non-stationary if it does satisfy at least one of the three
conditions of stationarity (3.1; 3.2; 3.3). Thegea we actually use cointegration analysis is
because the time series we want to analyse haveh#racteristic to be non-stationary (they
have a unit root process). Those kinds of seriege lsbome specific properties that are
established here.

Nelson and Plosser (1982) defined two differenesypf non-stationary processes
which are TS Trend Stationaryand DS Difference Stationany It is important to identify
the type of non-stationarity because a misspetifinecan lead to a wrong model estimation
and strong residuals autocorrelation. The TS andpifSesses have different behaviours.
When a shock occurs, the TS process will come hbadks pre-shock level while the DS

process does not come back and evolves on a stucpait.
3.2.1. Trend stationary

The trend stationary process (TS) represents pgesaharacterise by a deterministic
non-stationarity. A TS process can be written as:
Xt = y + tﬁ + (":t (3.4)

wherey + tf is a deterministic function of time arzg is a white noise of moment® §2)
and is supposed to be stationary.

The TS process properties are:

- E[X]=vy+tB (3.5)
- VX ]=0? (3.6)
- Cov[X;, X,]=0,Vt#s (3.7)

The mean of a TS process has a deterministic bahds variance is fixed in time.
Those properties exhibit the main characteristi@ofS process as being deterministic. In

other words, the effects of shocksXynare transitory.
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Figure 14 : Trend stationary process.

XT

Figure 14 exhibits a simulation of series composed00 observations and a TS
process with a shock occuring at observation 50.céfeclearly see the deterministic trend
because the shock has a temporary effect.

Nevertheless, it is possible to make a TS procdatosary by applying a

deterministic tendency regression on the series.
3.2.2. Difference stationary

The difference stationary (DS) process represemtxegses characterise by a
stochastic non-stationarity. A DS process can bgenras an AR(1) process:
Xe=pXe1 + B+ & (3.8)

whereg; is a stationary process. By recurrence, we catewri
-1 -1
Xe=p'Xe—e +B Z Pl + Z Pjgt—j
Jj=0 Jj=0

If we set|p| = 1 (there is a unit root process meaning non-statityp)andt = t:
(3.10)

(3.9)

t
Xt=X0+tﬁ+Z€]
—1

]
whereX, is the first term o, series.

An important difference in comparison to TS procasses around the error term of
the processe. In fact, we can see that the emoraéthe DS proces(§§=1 gj) corresponds to
an accumulation of random shocks. This shows ut d@hahock at a specific date has

permanent consequences.



21.

Figure 15 : Difference stationary process.

XT

Figure 15 shows a simulation of series composed0&f observations and a DS
process with a shock occuring at observation 50. dMe clearly see the stochastic trend
because the shock has a permanent effect.

The DS process properties are:

- E[X,] =X, +tB (3.11)
- V[X,] = o? (3.12)
- Cov[X;, X,] = min(t,s)c2 ,Vt # s (3.13)

We can see here that the mean and the variancemend on time unlike a TS
process.
A DS process can be transformed into a stationaoggss by differentiating the

series:

whereg; is a stationary procesd.is the order of differentiation (or integratiof).d = 1, the
process is said to be of order 1. More generalg/can see the definition of Granger (1980):
“X; is integrated of order dX~I(d)) if it is necessary to differentiat® d times in order to
make it stationary. In other wordg;~I(d) if and only if(1 — L)*X,~1(0)".
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Two cases:
- d=0=2X:~I1(0):

The series is stationary and it fluctuates arotsidnean. The variance &f is finite
and a shock has a transitory effect.
- d=12X~1(1):

The series is non-stationary in level but statignardifference. The variance af
tends to infinity whert tends to infinity and a shock has a permanente(tbe series has an
infinite memory of shocks).

It is often difficult to identify if a time serielsas a TS process or a DS process but the
distinction is fundamental for the economic analy# this thesis, we will exclusively focus

on time series exhibiting DS processes.
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3.3. Unit root tests

In order to test the non-stationarity characterisfiour series, numerous tests called
“unit root testSare present in the literature. Traditional methdike the graphical analysis of
the time series or the correlogram study are ndiicent to clearly specify the non-
stationarity of a series.

In this thesis, we will base our analysis of thesgnce of unit root mostly on the
Augmented Dickey-Fuller (ADF) test from Dickey aRdller (1981) which is the most used
and known test. The ADF test is a parametric test i@ based on the estimation of an
autoregressive process. Nevertheless, in orderateermur analysis robust, we will also test
the stationarity of our series with three othetsdmeing the Phillips-Perron (1988) unit root
test, the Zivot-Andrews (1992) unit root test amhlfly the Kwiatkowski, Phillips, Schmidt
and Shin (1992) or KPSS unit root test.

Before going deeper into the unit root test, imgortant to explain what a unit root
process is. We call a unit root process any seguetitb one or more characteristic roots that
are equal to one. A simple example of model witmia root process is the AR(1) model:

X =pXi1 + & (3.15)

whereg; is a white noise of moments ¢@,).

The important term in equation (3.15) is the comspa Two cases can arisespif=
1 then equation (3.15) is a model with a random watkout drift, meaning a non-stationary
process. We are in the presence of a unit rootlgmobThe series is said to be non-stationary.
The second case is wherk 1. In this case, equation (3.15) is said to betatiy.

The principle behind the ADF unit root test for retationarity is to simply find out
if the estimategp from equation (3.15) is statistically equal to inot. The two following

sections explain the Simple Dickey-Fuller test #meh the Augmented Dickey-Fuller test.
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3.3.1. Simple Dickey-Fuller test.

Simple Dickey and Fuller (1979) test is based oadtbasic models.

- Model 1: no constant, no deterministic trend:

Xe=pXe1+ & (3.16)

- Model 2: constant without a deterministic trend:

Xe=a+pXi 4 +& (3.17)

- Model 3: constant with a deterministic trend:

Xe=a+pt+pXi_1+ & (3.18)
(e¢ Is supposed to be a white noise of momentgddn the three models).

If p =1, it means that a root of the lagged polynomiagsial to 1. Then, we can
say that there is a unit root in the process. heowords X; is a non-stationary process and
has a stochastic characteristic (DS process).

We actually test the null hypothesis of the exiséeaf a unit rootX; is integrated of
order 1, so non-stationary) against the alternatiygothesis of the non-existence of a unit
root (X; is integrated of order 0, so stationary).

Equation (3.15) can be manipulated by subtracting from both sides:

- Model 1:

AXt = (Z)Xt—l + (":t (3.19)
- Model 2:

AXt =a+ (Z)Xt—l + (":t (3.20)
- Model 3:

AXt =a+ ﬁt + (Z)Xt—l + (":t (3.21)

with for every model@ = p — 1 ande; is a white noise of moments Q).

Equations (3.19), (3.20) and (3.21) are estimatedoriactice. We test the null
hypothesigd = 0 (non-stationarity) against the alternative hypsth@ < 0 (stationarity) by
referring to the table of Fuller (1976) and Dickand Fuller (1979, 1981).

- If the t-statistic of the value is lower than the critical value, then thdl hypothesis
of non-stationarity is rejected (so the seriegati@aary).
- If the t-statistic of the& value is higher than the critical value, theniné hypothesis

of non-stationarity is not rejected (so the seisason-stationary).
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Nevertheless, the Simple Dickey-Fuller test hasmnian disadvantage of having a
problem of residual autocorrelation. In order tbvadhis problem, Dickey and Fuller (1981)
found the necessity to model a process wistditional correlatiori in the stochastic
component. They proposed an update version of their called the Augmented Dickey-

Fuller test (ADF) where the lags of the first diface are included in the regression equation.
3.3.2.  Augmented Dickey-Fuller test.

The Augmented Dickey-Fuller also distinguishesé¢hreodels:

- Model 1: with no constant and no trend:

p
AXt = (Z)Xt—l + nyAXt_] + St (322)

j=1

- Model 2: with constant and not trend:

14
AX, = a + 0X,_, + Z YibXe_ + (3.23)
j=1

- Model 3: with constant and trend:

14
AX, = a + Bt + OX,_; + Z YibXe_; + & (3.24)
=1

The additional differenced variable allows cornegtithe residuals autocorrelation
problem and then authorizing the application ofhekey-Fuller tests.
We here test the null and alternative hypothesis:
- Hy9=0.
- Hi:9<0.

The test statistic is as follows:
?

_ 7 3.25
SE(D) ( )

F
whereSE (@) is the standard error @
Then we have to compare the calculated test staitis(3.10) with the critical value
from Dickey-Fuller (table 1). IfF; is lower than the critical value, the null hypattseof unit
root is rejected meaning that the variables ofdtees does not contain a unit root and the

series is then non-stationary.
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Table 1 : Dickey-Fuller critical values.

T | 1% | 5% | 10%
Model 1
100 | -2.60| -1.95| -1.61
250 | -2.58|-1.95| -1.62
500 | -2.58| -1.95| -1.62
o |[-2.58|-1.95]|-1.62
Model 2
100 | -3.51| -2.89| -2.58
250 | -3.46| -2.88| -2.57
500 | -3.44| -2.87| -2.57
o |-3.43|-2.86|-2.57
Model 3
100 | -4.04| -3.45| -3.15
250 | -3.99| -3.43| -3.13
500 | -3.98| -3.42| -3.13
o |-3.96|-3.41|-3.12

3.3.3.  Phillips-Perron test

Phillips and Perron (1988) introduced a non-paramerrection of the Simple
Dickey-Fuller unit root test in order to correcethutocorrelation and the heteroscedasticity of
residuals. The null hypothesis is similar to theFAlnit root test and is the presence of a unit

root, meaning that the variable is non-stationary.

Like the ADF, the Phillips-Perron unit root tesb@sed on three different models:

- Model 1: with no constant and no trend:

AX; = OX_ 1 + & (3.26)
Two statistical tests:
- . 055.T%(6% - 3% (3.27)
Z(¢) =T.¢ - T x2
t=2“t—-1

$ 0,5.T(62 — 8% (3.28)
Z(t<7>) = (A_) tg — =35 Y2 \1/2
On (6% 2t=2Xt—1)
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. A 1 N ~ N 2 s . . .
with: §2 = ;Zf:z 8262 =58+ ;Z’tﬂ wg ; we = 1 — —is the weight of autocovariance.

- Model 2: with constant and not trend:

AXt =a+ (Z)Xt—l + (":t (329)

Two statistical tests:
~ ~ 0,5.T?(6% — §%) (3.30)
Z(P)=T.¢ — =7 T

t=2(Xt—1 - X—l)

S 0,5.T(62% — §° 3.31
Z(ta) = <Ai) ta) - — (Un f ) ( )
Ox (62 Z:z(Xt—l _X_1)2)1/2

with: X,_, = ﬁZQthq ; and the other variable defined as before.

- Model 3: with constant and trend:

AXt =a+ ﬁt + (Z)Xt—l + (":t (3.32)
Two statistical tests:
~ . T®(6:-38% (3.33)
Z(¢)=T.¢ - 24D
0,5.T(62 — 8% (3.34)

Z(tz) = <S )t
PTG/ P 4(367De) Y

With D,, being a value defined by Bresson and Pirotte (199%528) and the other values

defined as before.
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3.3.4. Zivot-Andrews test

The Zivot and Andrews (1992) test has for null hiyesis that the serig§ is non-
stationary without any structural break. In conssme, the alternative hypothesis of the unit
root test corresponds to the fact tiiatis a stationary process with a trend and a straktu
break at an unknown date.

The Zivot-Andrews unit root test is also basedloee different models:

- Model A: one-time shift in the series in level:

14
X =u?+604DU.(1) + At + pAX,_1 + Z ciAXi_1 + & (3.35)
i=1
Hy=p2=1;4=0;64=0
- Model B: a change in the rate of growth:

14
Xe=uB + BBt + ¢pBDTF(A) + pBXi_q + Z ciAXi_1 + & (3.36)
i=1
Hy=pB=1,p8=0;08=0

- Model C: a combination of A and B:

14
X, = u€ + DU, (1) + BCt + $CDT; (A) + pCX,_y + Z DX, +&  (3.37)

=1
Hy=p*=1=0;6=0

t—TAif t >TA

- _(Lift>TA
with: DU, (1) = { 0 0

andDT; (1) = {

The test statistic is as follows:

t,i[Ains] = inft,i(1); i = A,B,C
3.3.5. Kwiatkowski, Phillips, Schmidt and Shin (KPSS) test

The Kwiatkowski et al. (1992) unit root test has #pecificity, unlike the other unit
root tests, to test for the null hypothesis of @desence of a unit root (the variable is
stationary). The alternative hypothesis is by cqunsace the presence of a unit root (the

variable is non-stationary).

Kwiatkowski et al. (1992) decompose the serfgsinto a sum of a deterministic
trend, a random walk and a stationary error ternunder the null hypothesis, the variance of

the random walk is equal to zero.
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Xt =at + Tt + &t (3.38)

with r, is a random walky;, = r,_; + y; andu, is a white noise of momengs, ;2).

The test is then based on a Lagrange Multiplicéitdf) in order to test the null
hypothesis of stationarity, i.e2 = 0. Because:, is stationary, under the null hypothesfs,
is a stationary process around a trenda K= 0, then, under the null hypothesik; is

stationary around a level and not around a trend.

If we say thae,, t =1, ..., T, being the residuals from the regresstpron a constant

and a deterministic trend, the LM statistic is:

t=15¢ (3.39)

G¢

LM =

with S; is an estimator of the variance of the residaals
We then have two statistic tests:

- Model 1: stationarity around a level:

1=15¢
=— 3.40
- Model 2: stationarity around a deterministic trend:
T_ SZ
t=14¢t
= 3.41

Kwiatkowski et al. (1992) computed the critical was for both testg, andn,. The
decisions rules are:
- If the values ofy, andn, are lower than the critical values, we do notaefae null
hypothesis.
- If the values ofp, andn, are higher than the critical values, we reject g

hypothesis.
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3.4. Cointegration tests

The reason for using cointegration theory comesnfrihe fact that a lot of
macroeconomic and financial time series are naiies@y. Several authors tried to use
regular methods (like correlation analysis) witls tkind of time series but all of them faced a
problem of ‘Spurious regressioriput forward by Granger and Newbold (1974).

Cointegration theory was introduced by Granger (3%hd allows studying non-
stationary time series but which can be transforimgd linear combination into stationary
time series. Since, it has known many developmantsthe link between cointegration and
error correction models was explained by Grang8B811 1983), Granger and Weiss (1983)
and Engle and Granger (1987).

Before we focus on cointegration, Lardic and Mign@002) highlight four main
properties of integrated series:

- If X;~I(d) thena + bX,~I(d) wherea andb are constants with # 0.

- If X;~1(0) andY;~I(0) thenaX, + bY;~I(0) wherea andb are constants.

- If X;~1(0) andY;~I(1) thenaX, + bY;~I(1) wherea andb are constants.

- If X,~I(d;) and Y;~I(d,) then aX; + bY,~I(max(d,,d,)) wherea and b are
constants.

3.4.1. Definition and properties

We can define cointegration as follows:

If X, andY; are both/(d), then the linear combination :
z; = X — aYy (3.42)

is alsol (d).

However, it is possible that is noti(d) butl(d — b) whereb is a positive integer.
In this caseX; andY; are said to be cointegratedl.is the cointegration coefficient and the
vecto 1, —a] is the cointegration vector.

The most studied case is whén= b = 1. It means that two non-stationary series
1(1) are cointegrated if a stationary linear combimafi®) of those two series exists.

Lardic and Mignon (2002) give an intuitive explapatof cointegration:
“In the short term,X; andY; can have both divergent evolutions (both are natienary),
but they evolve together in the long term. Thestable relationship on the long-run exists
betweenX; and Y;. This relationship is called cointegration relatghip or long-term

relationship. It is given by, = aY; (assumingz; = 0). In the long-run, similar movements of
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X, andY; compensate in order to have a stationary seriegnk, measures the magnitude of
the disequilibrium betweeXiy, andY; and is called the equilibrium error.”

Based on the fact that integrated variables ofrotd€l) could have a cointegration
relationship, several methods allow the investagabf such relationships. If each variable of
a group is integrated of the same order, and tetlexists at least one linear combination of
these variables that is stationary, then we cagclade that the variables are cointegrated. The
characteristic of such variables is that they widlver move far apart and a long-run
relationship will attract those variables. Testiogcointegration relationships implies testing
the existence of such long-run relationship. Irs thiesis, we will use two different methods
being firstly the Engle and Granger’s approach {3@thd secondly, the Johansen’s procedure
(1991).

3.4.2. Error correction model.

Granger (1981) enounced a theorem in order todoitegration to error correction
models. This theorem establishes that, in the ochsariables cointegrated of order (1,1),
such series can be represented by an error cametibdel. We take this theorem for granted

but the demonstration can be found in Granger (188d Engle and Granger (1987).

Error correction models (ECMs) allow the modelliofyadjustments leading to a
long-term equilibrium situation. Those are dynammodels with both short-term and long-

term evolutions of variables.

AssumingX, andY; are two cointegrated variabl€$(1,1). The ECM can be written

as:

AXy = y12¢1 + Z BidXe_; + Z 6jAYej + dy(L)ex, (3.43)
i J

kAYt =VY2Z-1 t Z BidX, i + Z §;AY;_j + da(L)ey, (3.44)
i J

where

- &, andey, are white noises,
- z; = X, — aY; is the residual of the cointegration relationgbgtweenX,; andyY,

- d, andd, are (L) finite polynomial.
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The error correction model describes an adjustrperdess. It includes two types of
variables:

- Variables in first difference (stationary) whiclpresents short-term movements.
- Variables in level£; here) which are a stationary linear combinationaf-stationary
variables and assure the long-term movements.

3.4.3. Granger-Causality

Before testing for cointegration with the Engle-Ggar method, it could be useful to
test among the variables of interest if there exaslink between them, and more specifically

the sense of causality of those relations.

In order to investigate the sense of causalityrgoahe regression analysis, a well-
known test can be used and is named the Grangeafityuest. The principle of the Granger
causality test between two variablgsandY; is to evaluate if the past valuesXyfandY, are
useful to predict;. The null hypothesis of the test being that th&t palues of(; do not help

to predict the value df;.

The test is divided into several steps. First, agress; onp past values of; andp

past value¥;.

The non-constrained model (NC) is:

(3.45)
Yo =a+p1Y1+ X1+ &
The constrained model (C) is:
(3.46)
Yl' =a+ lBIYt—l + gt
We then use an F-test computed as:
(3.47)

. (SSRc —SSRy¢)/c
~ SSRyc/(n—k —1)

with:

- SSR: the sum of squared residuals.
- c¢: the number of restrictions.

- K: the number of variables.
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The result of thd=-test is then compared to the critical values fiibv@ Fisher law
with (1,n — 2) degrees of freedom. If thie-test is superior to the critical value, the null

hypothesis (causality frotk; to Y;) is then rejected.

It is important to add that the Granger causakgst tseems to be sensitive to the
choice of the number of lags Therefore, the test should be experimented witltipte lags

in order to have a robust conclusion.
3.4.4. Engle-Granger method

The reason we use cointegration analysis comes tinenfiact that the regression of
non-stationary series on other series could leasptwious regression. Nevertheless, if each
variable of the time series is found to be integpladf order oné(1), it contains a unit root.
Then, in this case, the regression can still beningéul (there are not spurious regressions) if
the variables are cointegrated.

In order to test variables for cointegration, weineate the regression via the
ordinary least square method and then the residiwetsthe same regression are tested for the
presence of a unit root. If the residuals do noteha unit root (i.e. the residuals are
stationary), it means that the residuals &g and that the variables from the time series are
said to be cointegrated and have a long-run (dxwitn) relationship. The Engle-Granger
method is based on the latter principle and isdeiinto two distinct steps. The main
advantage of the Engle-Granger method is its soitpliNevertheless, it is important to add

that this technic is only available for series whége integrated of order oh@).

I Cointegration test

The first step consists in determining the ordeindégration of each variable. In
fact, cointegration requires that two variablesentvbe integrated of the same order. In order
to do that, Engle-Granger (1987) advise to uséAtigmented Dickey-Fuller (ADF) unit root
test (see parts 3.3.2. of the same chapter). Bhéstapplied as follows:

p
Ay, =a+ Bt+yy,_, + z 8jAye_j + &it (3.48)

t=1
wherea is a constants the coefficient of the trend; the coefficient ofy,_,, p is the lag
order of the autoregressive procesg, = y; — y,_, IS the first difference of;, y;_; is the
first lagged value of;, y;_; is the change in the lagged value apds considered as a white

noise.
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When the hypothesis of the presence of a unitcantbe rejected (meaning that the
differenced series are stationary) and that aliabées are integrated of the same order, we
estimate the long-run relationship by using a liregression estimated by the OLS method:

Yt = Bo + Bixe + & (3.49)

wherep, is the intercepts; represents the slope agdis the error term.

The estimation of the parameters is calculated from

B = 2(xe — %) (Ve — ¥r) (3.50)
e 2 — %¢)?
,éo =Yt — Blft (3.51)

wherex; andy, are the mean of, andy;respectively.

The estimated regression line then has the form:

9 =PBo+ Pix (3.52)

If the two variables exhibit a cointegration redauship, then the last equation gives
“super-consisteit estimator (Enders, 2004), meaning that a stroatationship exists
between those variables.

The method to determine if the variables have ategration relationship is to test
the residuals of the estimated linear regressiamgusDF unit root tests. The residualsare

a series of estimated values which representsaWiatibn from the long-run relationship:
E =Yt~ Ve (3.53)

wherey, are estimated values fropn= f, + 5, x. Testing for the presence of unit roots in the
residuals helps to determine if those deviatioesssationary or not. If it is the case, then we
can conclude that the series are cointegratedif Bug residuals are not stationary, the series

are not cointegrated. The ADF is then performethose residuals:
Aé\t = alé\t_l + Et (354)

where Aé; are the estimated first difference of the resigudl ; are the estimated lagged
residualsg, is the slope (which is the parameter of interast)e; is the error term.

The statistic test o, in order to determine the stationarity of thossideals is
based on the following null and alternative hypstbe

Hy:a, =0

Hi:a; <0
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The test statistic is as follows:
¢t SE(a,)

whereSE (a,) represents the standard errofigf the estimation od .

F: (3.55)

When we have calculated the test statistic, we esenfhe values with the critical
values of Engle and Yoo (1987) or the critical esdrom McKonnon (1991) (Appendix 12 -
13 - 14 - 15). In fact, we cannot compare theggistic with the critical values from Dickey-
Fuller because the cointegration test is basedstimated values of the residuals and not their
true values.

If Fe, is higher than the critical valuel, is not rejected meaning that the residuals

are stationary. The variables are then cointegrated
i. Error correction model

In the second step, an error correction model (E@MVgstimated. This ECM is

obtained from the following equation:
Ye = Qo +VoXe t V1Xp—1 + A1 Y1 T & (3.56)
By subtractingy;_, on both sides we obtain:
Aye = ag + voxe + V1ixem1 — (1 — @)y + & (3.57)

By subtracting/yx;_; on both sides again, the equation becomes:

Ayr — YoXt—1 = @ + YoXt — VoXt—1 + V1Xe—1 — (L — @1)ye—q + & (3.58)
Ay = ag + volxe + (Yo + Vi)xe—1 — (1 — a1)Ye—1 + & (3.59)
4] Yo +7v1) (3.60)

Ayy = yolx, — (1 — ay) yt_l_(l—a)_(l—a)xt_l + &
1 1

Setting the valueg, andp; as:

By = (3.61)
o (1-ay) '
g, = Lo tr) (3.62)
1-ay)
The equation can be written as:
Ay, = yolbx, — (1 — a)[ye—1 — Bo — P1xe-1] + & (3.63)

The last equation is the ECM with the term(1 — a;) giving the speed of

adjustment ande;_, = y;—1 — Bo — B1x:—1 being the error correction mechanism which
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evaluates the distance of the system from the ibguin. The value ofe;_; should be
negative which is a sign that the system convei@ése equilibrium.
The coefficient—(1 — a;) is an indication of the speed of adjustment to the

equilibrium. It can also give some indications degirg on its sign and its value:

- Tending to—1 (small values): economic agents are responsilslehi® removing of

the disequilibrium in each period.
- Tending to O (large values): the adjustment is slow
- Tending to -2 (very small values): overshoot ofékenomic equilibrium.

- Positive values: the system does not stay on tig-fton equilibrium.

The Engle-Granger cointegration method is mostlgdusor its simplicity but it
suffers from many limits. The two most importang &nat this technic can only be applied to
series which are integrated of order olfg) and it only allows the analysis of one

cointegration relationship (by pair of variables).
3.4.5. Johansen’s procedure

In order to bypass the limits of the Engle and @exrapproach, Johansen (1988)
proposed a multivariate cointegration approach dase the estimation of the maximum
likelihood. This approach is further developed alm@nsen and Juselius (1990) and Johansen
(1991).

This method takes as a start the vector autoragee$$AR) model of ordemp as

follows:
Xt = H]_Xt—l + HZXt—Z + -+ l—let—p + ut (3.64)
where:
- X, :n x 1 vector of variables integrated of order ol{&)],

- u;:nx 1 vector of innovations,

- My, My, ..., I, : m X m coefficients matrices.

We focus on the following null hypothesis: thereisex cointegration relations
between then variables. In other words, under the null hypoithe$; is cointegrated of rank
r.

SubtractingX,_; on both sides of the equation gives:

AX, = T1AX, 1 + TpAX, 5+ + Ty 1AX, pyq — X, + 1y (3.65)
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where:
- =01,
- L,=0,-Ty,
- T3=I5 -1y,
- M =I1-14—M; — -1, The matrixIl exhibits how the system is cointegrated

and is called thenpact matrix

We now take the first equation of the system:
AX1p = V11BXq + V128X 5 + - + V{p—1AXt—p+1 - Hixt—p + uge (3.66)

where:
- yjisthe firstrow offj,j = 1,2,...,p — 1.

- I is the first row offl.

On the last equatiod\X,,, AX;_; (j = 1,2,...,p — 1) andu,, are all stationary (i.e.
1(0)) and then, in order to have a meaningful equafigi¥,_, have to be stationary, 1(0).

If X, has variables which are cointegrated, then all ihvs of I must be
cointegrated. In fact, the number of cointegratvegtors depends on the rank of maifiix
(Harris, 1995).

The matrixIT is anm X m matrix and has for rank. It means that is the linearly
independent rows or columns which can be usedlmsia form-dimensional vector space.
Then allm x 1 vectors can be generated as linear combinationts odbw and any of these
linear combinations leads to stationarity, mearihvaj X,_,, has stationary components if the
rank ofllisr < m.

We can write= Ba’ , with B anda’ beingm X r matrices:

- a' is a(r x m) matrix with ther cointegration vectorsr (is then the cointegration
rank).
- Bis a(m x r) matric with the weights of the associated coirdégn vectors.

X, , = Ba’'X,_, and all linear combinations of X,_,, are stationary.

Johansen’s procedure estimates the VAR with= Ba’ using the maximum
likelihood estimatqrfor various values of r number of cointegrating tees and assuming
that u, is independently and identically distributed andloiws a normal distribution of

moments(0, 2). The estimation is as follows:
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AXt = FIAXt—l + FZAXt—Z + -+ Fp—lAXt—p+l - Ba’Xt_p + u; (367)

In order to estimate the different matrices, Jobhansses the maximum likelihood

method. Under the normality hypothesisgfthe log-likelihood equation can be written as:

T

NT T IO,
log L (B, a, Iy, ..., M,_q, Q) = —TIOg(Zn) — Elog[det(ﬂ)] — Ez Qe (3.68)

t=1
whereT is the number of observation,is the number of variables X anddet{) is the

determinant of the variance-covariance matrixéf.
The next step consists in the detection of the rarndb cointegrating vectors. In
order to do that, Johansen proposed two likelihatids:

i The trace test

The trace test is based on the null hypothesis9fg, i.e. there are not more than
cointegration vectors. This test is the same dgtethe null hypothesiRk(IT) = r.
The trace test statistic is composed as:

N
TR = —T Z In(1-14,) (3.69)
i=r+1
where T is the sample size ahds theit" largest canonical correlation.
The critical values for th&R statistic are from Osterwald-Lenum (1992) (Appe&ndi
16). We reject the null hypothesis pbfcointegration relationships when tA® statistic is
higher than its critical value.
Three cases exist:
- Rk(IT) = 0, i.e.r = 0: there is no cointegration relationships.
- Rk(IT) =r,with0 < r < N : there are& cointegration relationships.
- Rk(Il) = N, i.e.r = N: there is no cointegration relationship.

ii. The maximum eigenvalue

The maximum eigenvalue test is based on the nylbtimesis ofr cointegrating
vectors against the alternative hypothesigrof 1) cointegrating vectors. The test statistic is

given by:

% The development of the log-likelihood estimati@m bde found in Lardic and Mignon (2002).
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EV max = —=T(1 — A,4;) (3.70)

Nevertheless, the trace test is more used thagigleavalue test.
It is important to say that we supposed here:
- No constant in the ECM model.
- No constant and no deterministic trend in the egrdtion relationships.
But the critical values change if a constant aread is present. Four different cases
can occur:
- (1): no constant in the ECM and the cointegratiatronships.
- (2): constant in the ECM and in the cointegratielationships.
- (3): constant in the cointegration relationshipsrmt in the ECM.
- (4): constant in the ECM and constant+trend in tieentegration
relationships.
3.4.6. Structural shift

In this last section, we will analyse if the intumion of a structural break in the
models has an impact on the presence of cointegraglationships. In order to do that, we
base our analysis on the work of Litkepohl, Saildtoand Trenkler (2004) which is based on

the Johansen’s (1991) procedure.

We base our analysis on the following model:
Y = Uo + pqt + 8der + x4 (3.71)
with y; being aK x 1 vector process with a constayy, a linear trengle; t and level shift part

éd;,. d;; iIs a dummy variable with a value of one it T and zero if not.

It is important to add that this method does ndtdate the moment of the structural

break so the analysis is made assuming a strudirgak at an unknown date.

The test statistic is as follows:
N
LR(r) =T Z In(1- 1) (3.72)
j=r+1

The values ofLR(r) are then compared to the critical values found.itkepohl,
Saikkonen and Trenkler (2004).
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[1l. Practical Part

Chapter 4: Data

This section covers the data used in our followanglysis for the crude oil, natural
gas and coal price series. An explanation of thegins, their main characteristics and some
descriptive statistics are briefly exposed.

All the three price series used for crude oil, ratwas and coal have a monthly
frequency® and the time period chosen is comprised betweemala 1980 and January 2015
with a total of 424 observations for each pricaeserThe choice of such a long period is
motivated by the willingness to determine long-maationships using the cointegration

framework. All the data were collected on Macrobond
4.1.  Origin of data

The price series used for crude oil is the Breateroil monthly average of period
prices from Hamburg Institute of International Ecomics’. The unit used is in USD/Bartél
Figure 16 : Brent Crude Oil Prices (1980-2015).
Brent Crude Oil Prices
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We can see in Figure 16 the evolution of Brent erad prices from 1980 to 2015.
The evolution is characterized by many shocks, @alye the one around 2008-2009

corresponding to the financial crisis.

6 Monthly series were used because they have sarffidexture to capture short-run movements ovee,tim
without adding unnecessary complexity to the anslys

7 http://www. hwwi.org/

181 barrel = 159 liters.
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The price series used for natural gas is the Eamopatural gas monthly average of
period prices from the World Bafik The unit used is in USD/MMB#
Figure 17 : Natural Gas Prices (1980-2015).
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Figure 17 exhibits the evolution of natural gasgesi between 1980 and 2015. We
can observe that the natural gas prices are relatstable from 1980 to 1998 and then some
fluctuations begin to be more present. This is t@st with the construction of the North
Sea Interconnector which is the natural gas pipeiatween the United Kingdom (Bacton
Gas Terminal in England) and Continental EuropesfZegge in Belgium).

This Interconnector has an important economic irhpacause it has the capacity to
export 20 billion cubic metres of natural gas pearyfrom the U.K. and it is still in
expansiof’.

In the same way as Brent crude oil, we can se@thertant impact of the financial
and economic crisis that occurs in 2008-2009.

The price series used for coal is the Steam Zoabnthly average of period prices

from Hamburg Institute of International Economithe unit used is in USD/Metric Ton.

9 http://www.worldbank.org/

20 The British thermal unit (BTU or Btu) is a traditial unit of energy equal to about 1055 jouless Ithe
amount of energy needed to cool or heat one potimater by one degree Fahrenheit. One MMBtu is ktua
one million Btu.

21 http://www.interconnector.com/

22 Steam coal - also known as thermal coal - is rgaised in power generation. (http://www.worldcoed/p
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In Figure 18 we observe that the same shock appdiesoal prices during the

financial and economic crisis in 2008-2009.

Figure 18 : Coal Prices (1980-2015).
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Figure 19 : Brent Crude oil, Natural Gas and Coal Prices (1980 - 2015).
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4.2.  Logarithm prices

When we look at Figure 19, it is not easy to seany link is present among those
three price series. In order to make easier thepaoison and the analysis of those series, a

logarithm transformation is applied to
Figure 20 : Brent Crude Oil, Natural Gas and Coal Log-Prices

Brent Crude Oil Prices (log) the original prices.
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Figure 20 illustrates those
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10 Moreover, we can see that the
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4.3. Logarithm returns

Figure 21 exhibits the Brent crude oil, natural gasl coal returns in natural
logarithm.

Figure 21 : Brent Crude Oil, Natural Gas and Coal Log-Returns
Brent Crude Oil Returns (log)

The log-returns are calculated4
using the common formula:

r = log(P,) — log(P;_1) 2-
where P, corresponds to the price at

time t of Brent crude oil, natural gas of |

coal. So the log-return series are

equivalent to the # differentiation of

the log-price series. 4
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When looking at the three

returns series, we can see that Brent Natural Gas Returns (log)

crude oil is much more volatile than

natural gas or coal returns.

Moreover, it seems that the” |
differentiation seems to solve the
problem of non-stationarity.

This is a characteristic of2

integrated series but the determination
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) ) . -4
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in Chapter 5 with more pertinent
stationarity tests. Coal Returns (log)
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4.4.  Probability distributions

Concerning the probability distributions of thedarseries, we can see in Figure 22
that the probability distributions of price seriase not normally distributed but appear

bimodal and skewed relative to the normal distidyut
Regarding this time the probability distributionreturns series, we can see that the
shapes of probability distributions get closer twmal distribution but we are actually pretty

far from a truly normal distribution.

Figure 22 : Brent Crude Oil, Natural Gas and Coal Probability Distribution.

Brent Crude Oil Prices (log) Brent Crude Oil Returns (log)
1.2 — 6 _
\
1.0 - 5 | z X‘
| B PN
0.8 4 |
2 — 2
2 0.6 N5 2 3|
<% A <%
o a o
0.4 ,/ 2
N % 1» ]
00 0 T T J:\l T T T T T ’_T T

15 20 25 30 35 40 45 50 55 -5 -4 -3 -2 -1 0 1 2 3 .4 5
Natural Gas Prices (log) Natural Gas Returns (log)
1.50 __ 40
1.25
L 30 |
1.00 - B
2 —— 2
2 0.75 VT 2 20
[ | [
a 1 a
0.50 - /
10
0.25/
000 T T ’7 T T T T T 0 T T T T T 1 1 T
00 04 08 12 16 20 24 28 32 -4 -3 -2 -1 .0 1 2 3 4
Coal Prices (log) Coal Returns (log)
1.6 30
[ 25 |
1.2 I~
| | 20 | r
z [ 2
2 0.8 2 15|
<5 [
o || [a)
10
0.4
00 = T T T 0 T T T T T T T T T
20 24 28 32 36 40 44 48 52 56 -4 -3 -2 -1 .0 1 2 .3 4 5

—— Nomal Digtribution
—— Empirical Digtribution




47.

4.5. Autocorrelation

Regarding the autocorrelation functions (ACFs)tha price series and return series
through 15 lags, it seems that the differencinggf@rmation appears to have resolved the
non-stationarity in the series. In fact, we cantbe¢the autocorrelations are much smaller for

returns (right column) than for prices (left column

Figure 23 : Brent Crude Oil, Natural Gas and Coal Prices and Returns Autocorrelation.

Brent Crude Qil Prices (log) Autocorrelation Brent Crude Oil Returns (log) Autocorrelation
Date: 06/02/15 Time:22:54 Date: 06/02/15 Time: 22:55
Sample: 1980M01 2015M04 Sample: 1980M01 2015M04
Included observations: 424 Included observations: 423
Autocorrelation Partial Correlation AC PAC Q-Stat Prob Autocorrelation Partial Correlation AC PAC Q-Stat Prob
|= F 1 0991 0991 419.64 0.000 Ir ur 1 0.288 0.288 35.327 0.000
! | 2 0.979 -0.23.. 829.61 0.000 i e 2 0.038 -0.04.. 35.936 0.000
| [ i 3 0.965 0.007 1229.4 0.000 i i 3 0.034 0.040 36.423 0.000
| i 4 0952 0.003 1619.2 0.000 | | 4 -0.06.. -0.09... 38.492 0.000
| i 5 0939 0.005 1999.3 0.000 | i 5 -0.09.. -0.05.. 42.375 0.000
! i 6 0.927 0.029 2370.3 0.000 ! | 6 -0.13... -0.10.. 49.915 0.000
| [ P 7 0.916 0.078 2733.7 0.000 il i 7 -0.09... -0.02.. 53.869 0.000
|= ih 8 0.906 0.023 3090.4 0.000 1| |1| 8 -0.06... -0.04.. 55.915 0.000
| i 9 0.898 0021 34412 0.000 i 1| 9 -0.02.. 0.003 56.190 0.000
| [ i 1.. 0.889 -0.01... 3786.1 0.000 | | 1.. 0.086 0.085 59.393 0.000
| [ il 1.. 0.879 -0.09.. 4124.0 0.000 ] i 1.. 0.088 0.026 62.748 0.000
|= i 1.. 0.868 -0.03.. 4454.0 0.000 uu :u 1.. 0.002 -0.05.. 62.750 0.000
! i 1.. 0.856 0.033 4776.2 0.000 ! | 1..-0.08.. -0.11.. 66.181 0.000
| [ 1] 1.. 0.846 0.080 5091.7 0.000 i i 1..-0.06... -0.02.. 68.039 0.000
| [ i 1.. 0.837 0.021 5401.4 0.000 [l a 1..-0.10.. -0.08.. 72.560 0.000
Natural Gas Prices (log) Autocorrelation Natural Gas Returns (log) Autocorrelation
Date: 06/02/15 Time: 22:55 Date: 06/02/15 Time: 22:55
Sample: 1980M01 2015M04 Sample: 1980M01 2015M04
Included observations: 424 Included observations: 423
Autocorrelation Partial Correlation AC PAC Q-Stat Prob Autocorrelation Partial Correlation AC PAC Q-Stat Prob
I s | ||| 1 0995 0.995 422.86 0.000 | | 1 0111 0111 52557 0.022
] | ! 2 0.989 -0.13.. 841.48 0.000 | I: 2 0.170 0.160 17.650 0.000
| | 3 0.982 -0.12.. 1254.8 0.000 | | 3 0.307 0.284 58.004 0.000
| | 4 0971 -0.26.. 16605 0.000 i ad 4 -0.00... -0.07... 58.005 0.000
! 1 5 0.961 0.044 2058.4 0.000 1] ih 5 0.095 0.012 61.901 0.000
| [ ih 6 0.950 0.021 2448.4 0.000 11 i 6 0.055 -0.03.. 63.216 0.000
| [ i 7 0.938 -0.01.. 2829.8 0.000 .1. i 7 -0.04.. -0.04.. 64.071 0.000
|= uru 8 0.927 0.060 3203.2 0.000 i i 8 -0.01.. -0.04.. 64.150 0.000
! i 9 0.916 0.008 3568.7 0.000 i i 9 -0.05... -0.04.. 65.442 0.000
I ] 11 1.. 0906 0.044 3926.7 0.000 ulu i 1..-0.00.. 0.039 65.467 0.000
|= 1| 1.. 0.895 -0.07.. 4277.1 0.000 i i 1..-0.02.. 0.004 65.705 0.000
! i 1.. 0.884 -0.01.. 4620.0 0.000 i i 1..-0.00.. 0.032 65.710 0.000
| [ i 1.. 0.873-0.03.. 49553 0.000 i I 1..-0.05... -0.06... 66.803 0.000
| [ 1 1.. 0.863 0.055 5283.3 0.000 JI i 1.. 0.015 0.035 66.897 0.000
| [ i 1.. 0.852 -0.03.. 5603.8 0.000 ! o 1..-0.10.. -0.12.. 71.840 0.000
Coal Prices (log) Autocorrelation Coal Returns (log) Autocorrelation
Date: 06/02/15 Time: 22:55 Date: 06/02/15 Time: 22:56
Sample: 1980M01 2015M04 Sample: 1980M01 2015M04
Included observations: 424 Included observations: 423
Autocorrelation Partial Correlation AC PAC Q-Stat Prob Autocorrelation Partial Correlation AC PAC Q-Stat Prob
| [ || 1 0991 0.991 419.13 0.000 = = 1 0277 0.277 32.780 0.000
|= | 2 0.977 -0.27.. 827.29 0.000 I: ulu 2 0.110 0.036 37.981 0.000
! e 3 0.960 -0.05.. 1222.9 0.000 | i 3 0.074 0.038 40.342 0.000
| [ i 4 0944 0.028 1606.0 0.000 ] P 4 0096 0.069 44.311 0.000
|= 1| 5 0.926 -0.10.. 1975.6 0.000 11 1| 5 0.053 0.005 45530 0.000
! i 6 0.907 -0.02.. 2331.1 0.000 11 i 6 0.056 0.032 46.861 0.000
| [ i 7 0.887 -0.03.. 2672.0 0.000 i i 7 0.004 -0.03.. 46.867 0.000
| [ ih 8 0.868 0.019 2998.8 0.000 5 o 8 -0.10... -0.11.. 51.333 0.000
| | 9 0.849 0.085 3312.8 0.000 | i 9 -0.08.. -0.03.. 54.112 0.000
| i 1.. 0.833 0.019 3615.3 0.000 | i 1.. -0.06... -0.03.. 56.000 0.000
! i 1.. 0817 0.015 3907.1 0.000 1 | 1.. 0.042 0.088 56.756 0.000
| [ ad 1.. 0.800 -0.07.. 4187.9 0.000 | | 1.. 0.092 0.095 60.433 0.000
| | 1.. 0.782 -0.08.. 4456.7 0.000 | | 1..-0.09.. -0.14.. 64.414 0.000
| | 1.. 0766 0.123 4714.9 0.000 i ih 1..-0.05.. 0.011 65.637 0.000
! i 1.. 0.750 -0.03.. 4963.2 0.000 ! | 1..-0.10.. -0.10.. 70.562 0.000




48.

4.6. Normality test

In order to test the normality of our series, we tlee Shapiro-Wilk normality test.
We already did a quick inspection of the probapiiistribution of the series, which showed
us that series tend to not be normally distributed.

The normality test of the data has the null andalternative hypothesis as follows:

- H,: The data are normally distributed.

- H;: The data are not normally distributed.

Using theR functionshapiro.test(on each variable (Appendix 17).

Table 2 provides a summary of the results:

Table 2 : Summary of Shapiro-Wilk normality test.

Variable | Shapiro-Wilk | p-value Result

Inoll 0.9174 2.098e-14 Reject the null hypothesis
Ingas 0.9016 7.763e-16 Reject the null hypothesis
Incoal 0.9229 1.009e-15Reject the null hypothesis

Regarding the results, thevalues seem to be very small which mean that we ca
reject the null hypothesis of normality at a 1%elesf significance for the three series. We

can affirm that the time series of all the variagldee not normally distributed.
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Chapter 5: Analysis

5.1. Introduction

In this chapter, we will investigate the existenak cointegration relationships
between prices of Brent crude oil, natural gas@al on the European continent applying the
Engle-Granger method (1988a) and Johansen’s proeéti@91) using the softwake

As mentioned in Chapter 4, three time series agd,ubat is, Brent crude oil, natural
gas and coal prices. Data have a monthly frequetarying in January 1980 until December
2014 (35 years). All the variables are transfornmed natural logarithms to reduce variances

and allow an analysis in a same scale. Three Jagatill be used:

I. Inoll : Brent crude oil prices in natural logarithm.
ii. Ingas : Natural gas prices in natural logarithm.
ii. Incoal : Coal prices in natural logarithm.

This chapter is divided into several parts. Fiflsalh we begin with an analysis of
the stationarity of our three series using foufedént unit root tests. Next, we will use the
Augmented Dickey-Fuller unit root test in orderdetermine the order of integration of our
variables. After determining that the series hawe right order of integration, the next step
will consist in cointegration analysis using thegEnGranger approach and Johansen’s
procedure. In both methods, a study for the presefcointegration will be done followed

by the estimations of their error correction models
5.2.  Stationarity tests

In this first step, we will determine if our pricgeries are stationary or not. As
specified in Chapter 4, cointegration analysispigli@d on non-stationary series. Testing for a
unit root in each of the series implies testingrfon-stationarity in those same series. In order
to do that, four tests are applied in this theBiee first one is the well-known and most used
test for stationarity Augmented Dickey Fuller (AD#)it root test. We will then complete the
process by testing the stationarity using the ZAmtirews (ZA) test, the Phillips-Perron (PP)
test and finally the Kwiatkowski—Phillips—Schmidtifs (KPSS) test.
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5.2.1. Lag Length Selection, Trend and Intercept

Before applying those tests, a preliminary stepecaired. In fact, all of those tests
require the specification of a lag length and teeision to include or not an intercept and/or a
trend in the estimated models for the stationdeisys.

Firstly, the choice of the lag length depends antuhit root test used. For the ADF
test, we base our choice on thAkaike Information Criterion(AIC)> and on theBayesian
Information Criterion (BIC)?%. Those criteria are automatically implemented he ar.df
function inR. For the ZA test, we use the Schwert (1989) foanidr the PP test, we take the
lag length with the minimum value of thkaike Information Criteriorvalue and for the
KPSS, we take the same specifications as thoseinisled ADF test.

Secondly, the decision to implement an intercemt/@na trend in the estimated
models is based on an elimination procedure. Wéndag implementing an intercept and a
trend. If the trend is significant, we keep thameated model. If the trend is not significant,
we estimate the model with an intercept only. & inhtercept is significant, we keep the
estimated model with the intercept only but if theercept is not significant, then we have to

estimate the model without intercept and trend.
5.2.2. Augmented Dickey-Fuller test

The first unit root test applied is the Augmenteidk@y-Fuller (1981) unit root test
with a lag length of one (based on the AIC and BE>gonstant and a trend.

We will test the following null and the alternatitagpothesis:

- H,: the variable is non-stationary.

- H;:the variable is stationary.

TheR functionur.df is applied on each variable (Appendix 18).

We are using the following ADF model (with a cométand a trend):

m
Y, = By + Bot + 6Y,_1 + a; Z AY,_; + &, (5.1)

i=1

23 The Akaike information criterion (Akaike, 1973)dsrelative measure of the quality of a statistinabel. The
AIC equation isAIC = 2k — 2In(L) (k= number of parameters; L=maximum likelihoodlw model).

24 The Bayesian information criterion (Schwarz, 19&8also an information criterion based on the AThe
difference with the AIC is that the BIC also depgih the number of observations. The BIC equatoBIC =

—2In(L) + In(N) k (N= number of observations).
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Based on the coefficients from the test, we gefdahewing regressions:

Inoil, = 0.05103 + 0.00009163tt — 0.02002In0il,_, + 0.3067Alnoil,_, (5.2)
Ingas, = 0.0045 + 0.00005493tt — 0.009754Ingas,_, + 0.1132Alngas,_,  (°-3)

Incoal, = 0.04071 — 0.010443Incoal,_, + 0.2922Alncoal,_, (5.4)
where:
- Inoil,, Ingas;, Incoal, : the price function series,
- tt : the trend,
- Inoil,_4, Ingas;_4, Incoal;_, : the lagged values of the series,

- Alnoil,_4, Alngas;_4, Alncoal,_,: the first difference lagged values of the series.

You can see that an intercept and a trend haveib&#educed in the models famoll
and Ingas because of their significance but only an interdegs been introduced for the
variablelncoal (the trend is not significant).

The test statistic is calculated using the formula:

SE(8)
_ —0.02002
lnoil Er = m = —2.6342
—0.009754
lngas Er = m = —1.7238
—0.010443
Incoal Er = m = —1.7425

Using the critical values extracted frd®n

Table 3 : ADF unit root test critical values.

Trend + Intercept | 1% | 5% | 10%

T -3.98| -3.42| -3.13
| nter cept
T -3.44| -2.87| -2.57

We can compare those critical values with the \&loiethe ADF test. We can see
that all the calculated statistical tests fall ittte non-rejection region, which is to the right of

thet critical values.
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Table 4 : Summary of the ADF unit root test.

Variable | ADF test statistic Result

Inoil -2.6342 No reject the null hypothesis
Ingas -1.7238 No reject the null hypothesis
Incoal -1.7425 No reject the null hypothesis

The results are that we cannot reject the null thgsis for the presence of unit roots
at a 10% level of significance meaning that allialsles are non-stationary, each of them
contains at least one unit root, which means that/ariables are probably integrated of order
onel(1).

5.2.3. Phillips-Perron Test
The second unit root test is the Phillips-Perrd®8g) unit root. The first step is to

1/4
determine the truncated parameter. Using the S¢H{h@89) formula, = int [4 (%) ] or

2/9
the Newey and West (1987) formula= int [4 (1%) ] (T is the number of observations,

which is 420 in our case), we find a valud of 4.
We test the following null and the alternative hifpsis:
- H,: the variable is non-stationary.

- H;:the variable is stationary.

The Phillips-Perron test can be computedRiasing the functiorur.pp() (Appendix
19)

We also decide to implement an intercept and atienhe Phillips-Perron unit root
test. We can see that both of them are significanbe three series. Table 5 computes the
critical values of the test which are the saméasADF test.

Table 5 : PP unit root test critical values.

Trend + Intercept | 1% | 5% | 10%
Critical Values | -3.98|-3.42| -3.13

Table 6 : Summary of the PP unit root test.

Variable | PP test statistic Result

Inoil -2.5278 No reject the null hypothesis
Ingas -1.8576 No reject the null hypothesis
Incoal -1.8576 No reject the null hypothesis
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In Table 6, you can see that we do not reject tiiehypothesis of stationarity at a

level of 10% meaning that the three series arestatienary.
5.2.4. Zivot-Andrews Test

The Zivot-Andrews (1992) has the particularity ésttfor the presence of a unit root
with an unknown structural break in the variablee West the following null and the
alternative hypothesis:

- H,: the variable is non-stationary with an unknownicural break.

- H;: the variable is stationary with an unknown stouat break.

Like in the ADF or the PP unit root tests, we héwespecify the length of lag. In
order to do that, we take the length of lags thaimrmze theAkaike Information Criteriorand
on theBayesian Information Criterian

This test is applied iR using the functiomir.za() (Appendix 20).

We choose to introduce a trend and an intercefitatnoil andingasunit root test
because both are significant. An intercept only wasoduced in thdncoal unit root test
because the trend was not significant.

Table 7 : Zivot-Andrews breakpoints date.

Variable | Potential Breakpoint

Inoil October 2008

Ingas | January 2009

Incoal | August 2008

We can see in table 7 the breakpoints identifiedhieyZivot-Andrews unit root test
for each variable. The dates coincide to the firdrand economic crisis in 2008 and 2009
where a huge crash occurs on the three fossilmagkets. Table 8 gives the critical values

given fromR and Table 5 summarizes the results of the ZivadrAws unit root test.

Table 8 : Zivot-Andrews unit root test critical values.

Critical Values | 1% | 5% | 10%
Intercept + Trend | -5.57| -5.08 | -4.82
| ntercept -5.34| -4.8 | -4.58
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Table 9 : Summary of the ZA unit root test.

Variable | ZA test statistic Result

Inoil -4.4623 No reject the null hypothesis
Ingas -4.1829 No reject the null hypothesis
Incoal -4.4177 No reject the null hypothesis

When we compare the critical values with the ZA gtatistics for the three variables
(Table 9), we can see that, despite the preseneestiuctural break in the series, the three

variables remain non-stationary.
5.2.5. Kwiatkowski—Phillips—Schmidt—Shin Test

The last unit root test is the Kwiatkowski—Phillg&chmidt—Shin (1992) (KPSS) and
it has the specificity of testing the null and altgive hypothesis:
- H,: the variable is stationary.

- H;: the variable is non-stationary.

The first step is to determine if we introduce @ateiicept and/or a trend in the models
and secondly determine the lag length. We can Bygthase our analysis on the ADF unit
root test we made previously and choose the saedfigations for the KPSS unit root test
(Lardic and Mignon, 2002).

The KPSS unit root test can be implementedRirusing the functionur.kpss()
(Appendix 21).

Table 10 and 11 give the critical values and tiseltse from the KPSS test.

Table 10 : KPSS unit root test critical values.

Critical Values 1% 5% | 10%
Intercept + Trend | -0.216| -0.146| -0.119
I ntercept -0.739| -0.463| -0.347

Table 11 : Summary of the KPSS unit root test.

Variable | KPSStest statistic Result

Inoil 4.2222 Reject the null hypothesis
Ingas 4.2524 Reject the null hypothesis
Incoal 9.0657 Reject the null hypothesis
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The results are that all the test statistics agbdri than the critical values leading to
the rejection of the null hypothesis of stationarithe conclusion is that the three variables
are non-stationary.

5.2.6. Stationarity tests summary

Table 12 : Summary stationarity tests.

Stationarity tests | Inail, Ingas, Incoal
ADF Non-stationary
PP Non-stationary
Z-A Non-stationary
KPSS Non-stationary

We can see in Table 12 that, testing with fouredédht unit root tests, all variables
are stationary.
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5.3.  Cointegration tests
5.3.1. Order of integration

After applying the unit root test of the variableslevel, we now conduct the same
test but using the variables in theft differenced in order to check if all the variabla®
integrated of the same ordgfl)?°. In order to come to such a conclusion, seriedSin
difference have to be stationary, which implies tégction of the null hypothesis of ADF
unit root test.

The determination of including a trend and/or atencept has been made by
elimination like in the stationarity tests. The clusion is that neither intercept nor trends are
significant. The choice of the lag length is basadheAkaike Information Criterion

The stationarity test on the' Hifference variables is implemented R(Appendix
22)

As it was expected, we can see in Table 14 thak[@HF test statistics are lower than
the critical values. This leads to the rejectiorttad null hypothesis of the non-stationarity of

the variable. We can then accept the alternatiypothesis of stationarity.

Table 13 : ADF unit root test critical values.

Trend + Intercept | 1% | 5% | 10%
T -2.58|-1.95| -1.62

Table 14 : Summary of the ADF unit root test.

Variable | ADF test statistic Result

dinoil -12.5757 Reject the null hypothesis
dingas -11.51 Reject the null hypothesis
dincoal -11.6396 Reject the null hypothesis

Based on the fact that the three variables arestetienary on level but stationary on
their I difference, we can conclude that each vari&idé, Ingasandincoal is integrated of
order ond(1). This condition being completed, we can now fooaghe link shared by those
three price series using cointegration framewdkk the Engle-Granger method (1987) and

Johansen’s approach (1991).

25 Cointegration analysis requires all series toribegrated of the same order.
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5.3.2. Engle-Granger method

The first method we will use in order to investgatointegration relationships
between our variables is the Engle-Granger metlogyo{1987). The particularity (but also
the limit) of this method is that it allows testingly two variables at a time. This method is
divided into many different steps. The first onengsists in analysing which pair of variables
exhibits a causality in the Granger sense. We tbsheach possible pair of variable and we
keep the pairs for which a Granger causality haslpgoved. The second step is to test all
those pairs using the Engle-Granger methodologthdrthird and final step, we will estimate

the error correction models (ECMs) of pairs whiavéna cointegration relationship.
I. Granger Causality

In this first step, the Granger Causality test mneputo determine a lag length.
Because the results from Granger causality testseansitive to this choice, we decide to test
with five different lags and then keep the lineglations with the most robust results.

The Granger-Causality test is based on the follgwianll and alternative hypothesis

with Y; andX; being two stationary series:

Yo ~ X¢
- Hy: X; does not Granger cauge

- H;: X; does Granger caulg

The test is computed in R using the functysangerest(YAppendix 23).
Table 15 summarizes the results from the Grangesadiy tests with lags 1, 2, 3, 4
and 5.
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Table 15 : Summary of Granger-causality tests.

y~x / lags 1 2 3 4 5

dinoil~dingas

dinoil~dincoal

dingas~dinoil

dingas~dincoal

dincoal~dInail

dincoal~dingas

Based on those results, we can see that three edsiést Granger causality:

- dIncoaldoes Granger causiénoil.
- dInoil does Granger causiéngas
- dIncoaldoes Granger causéngas

We then decide to test those three pairs of vaslibr cointegration using the

Engle-Granger method.

ii. Cointegration test

The first step of this test consists in estimatingar regressions with our interested

variables irR (Appendix 24).
The results shows that the all the variables ag@lyisignificant. The cointegration

eguations can be written as follows:

Inoil = —1.37139 + 1.27876 Incoal (5.6)
Ingas = —1.24474 + 0.77842 Inoil (5.7
(5.8)

Ingas = —2.50343 + 1.04584 Incoal

We can see that thgvalues of the independent variables are very smadkning

that the regression coefficients are statisticaignificant at the 0.1% level of significance.
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The R-squared values are very high, which can be exgtaby the fact that the variations of
the dependent variables are explained by changesg imdependent variables.

After this first step, we would like to know if thariables are cointegrated. In order
to do that, we test if the residuals from the regi@ns are stationary (ADF unit root test).

In order to do that, we begin by extracting thedwesls from the estimated linear
regressions and we test them with the ADF unit testt (Appendix 25).

When applying the ADF test to residuals (Append®, 2ve actually estimate the
following relation:

Aét = alé\t_l + St (59)
where :
- &t : residual from the long-run relationships,
- a, : estimated regression coefficient of the laggesiduals.

The ADF test on residuals is based on the nulladi@inative hypotheses:
- HO a1 = 0
- Hyia; <O,

If the null hypothesis can be rejected, we conclihdé the residuals do not contain a
unit root (i.e. the residuals are stationary), niegthat the variables are cointegrated.

Because the values of the errors are estimatedcameot base our analysis on
Dickey-Fuller critical values provided Bybut on Engle and Yoo (1987) critical values.

Table 16 Engle and Yoo critical values.
1% | 5% | 10%
T|-4.00|-3.37| -3.02

Table 17 : Summary of ADF unit root test.

Variable | ADF test statistic Result

error.oc.eq -3.4745 Reject the null hypothesis
error.go.eq -6.1407 Reject the null hypothesis
error.gc.eq -3.0334 Reject the null hypothesis

Based on the cointegration test results, we cagctréhe null hypothesis for the
presence of a unit root (the residuals are statypn@iven the fact thdhoil, Ingasandincoal

are all integrated of order orél), we can conclude that there exist three cointegrat
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relationships; one betweédnoil andIncoal, one betweerngas andInoil and one between

Ingasandincoal
iii. Error correction model

After concluding that the variables are cointegtatee can now specify the error
correction models (ECMs). The ECMs will be:

Alnoil = By + B1Alncoal, + a*é,_; + 1, (5.10)
Alngas = By + B, Alnoil, + a*é,_, + 1, (5.11)
Alngas = By + f1Alncoal, + a*é,_; + 1, (5.12)
where:
S @ =—(1-a),

The ECMs can be generated usih@Appendix 27).

UsingR outputs, we can summarize the estimated ECMs:

Alnoil = 0.0005864 + 0.3180181Alncoal; — 0.0196971¢;_4 (5.13)
Alngas = 0.001976 — 0.029021Alnoil, — 0.101288¢,_4 (5.14)
Alngas = 0.001956 + 0.02713Alncoal; — 0.018055¢&;_4 (5.15)

Regarding the three ECMs, we can directly see ttimtcoefficients of interest”
(long-run coefficient) have a correct negative saigial all coefficients in the three models are
significant. This first observation tells us thiaéte exist long-run relationships between each
pairs of variables. In the long term, disequililbnibetween the pairs of variables compensates
in order to have a similar evolution between pafrseries. Moreover, it seems that the values
of a* is relatively small, meaning that the speed otisipent is slow.

Regarding the coefficients of the variables i difference which represents the
short-term coefficients in the ECMs, we can se¢ ¢iidy the coefficient of thesidifference
in coal is significant. The other coefficients ateo significant, meaning that we can base an
interpretation of the short-term relationships bose ECMs. Moreover, it seems that the
growth of Brent crude oil prices depends positivelythe growth of coal prices. The growth
of natural gas prices depends negatively on theithrof Brent crude oil prices but positively

on the growth of coal prices.
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5.3.3. Johansen’s approach

In this second section, we will use Johansen’s 1) ®8ultivariate procedure in order
to determine the presence of cointegration relahgs. In order to do that, Johansen
proposes two likelihood ratio tests which arettiage testand themaximum eigenvalue test

The particularity of Johansen’s approach is thatlaws a multivariate analysis of
cointegration when the Engle and Granger methog alidws an univariate analysis.

The first step consists in the determination of ldregth of lag we will insert in the
VAR model. For this purpose, we then estimate a \fAdtel withlnoil, Ingasandincoal for
dependent variable and then we test this model muiitiiple information criteria (Appendix

29).

Table 18 : Lag lenght criterions.

AIC | HQ | SC | FPE

Based on those results, we decide to include tg®ilathe VAR models we will use

for the trace test and the maximum eigenvalue test.
I. Trace test

The trace test is based on the following null dteraative hypothesis:
- H,: There are cointegrating vectors.

- H;: There aren cointegrating vectors.

This test can be implementedRrusingca.jo() (Appendix 30).

Table 19 : Trace test.

H, | H, |t-datistic| 10% | 5% | 1% Result
r<2|r>2 1.01 7.52| 9.24] 12.9[Fail to rejectH,
r<l|r>1 12.27 17.85 19.96| 24.60| Fail to rejectH,,
r= r>0/| 100.21 | 32.00 34.91| 41.07 RejectH,

ii. The maximum eigenvalue test

The second test is the maximum eigenvalue tesitaredts the null and alternative
hypothesis:
- H,: There are cointegrating vectors.

- Hy: There ardr+1) cointegrating vectors.
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The R function to implement the maximum eigenvalue iestisoca.jo() (Appendix

31).
Table 20 : Maximum eigenvalue test.

H, | H, |t-statistic| 10% | 5% | 1% Result
r=2|r=3 1.01 7.52| 9.24) 12.9/Fail to rejectH,
r=1(r=2 11.26 13.75 15.67| 20.20| Falil to rejectH,
r=0|r=1| 87.94 | 19.77 22.00| 26.81 RejectH,

Table 19 and Table 20 exhibit the results of trecdrtest and the maximum
eigenvalue test from the Johansen cointegratiomoapp. Firstly, we can see that we can
reject the null hypothesis of no cointegration=0) in both tests at a 1% level of
significance. This means that cointegration refegiops exist among the three variabtesl,
Ingasandlincoal. Secondly, we can see that we fail to reject thié hypothesis £ < 1) and
(r <2) in both tests. With this last result, this impgli¢hat there is no more than one

cointegration equation in the model.

iii. Vector error correction model

Table 21 : VECM results.

Inoil.d Ingas.d Incoal.d

ectl -0.055668 -0.099688 -0.009785
(-2.9215110) (9.28470785) (0.7225607)

Inoil.di1 0.276818 -0.001941 0.063533
(5.8058452) (-3.07224174) (1.8749977)

Ingas.dil 0.068040 -0.068597 0.058959
(0.7892165) (-2.41209991) (0.9623084)

Incoal.dl1 0.169489 0.039345 0.262528
(2.4976759) (2.02897804) (5.4437496)

In Table 21, we can see the estimation of the vemtimr correction model which
contains the coefficients of the different VECMner and their t-statistics. The results from
the VECM estimation (Appendix 32) show us that ¢neor correction termetl have the
correct negative sign and are significantly differéeom zero in the relation relative to the
growth of Inoil and Ingas meaning that there is a long-run equilibrium iogé relations.
Nevertheless, it seems that the error correction & the relations relative to the growth of
Incoal is not significant, meaning that the growthlim¢oal is not characterised by a long-run
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equilibrium. Based on the values of those coeffitiewe can also add that the speed of the
correction of disequilibrium is relatively slow.

Regarding the other short-term coefficientso{.dl1, Ingas.dl1, Incoal.d[Lin the
three relations we can see that the growtmoil depends on its own lagged values and the
lagged values of the growth lofcoal. Concerning the relation relative to the growthnofas
we can see that it depends negatively on the laggkees of the growth dhoil and its own
lagged values and positively on the lagged valddsamal. Finally, in the last relation, we
can see that the growth bfcoal depends positively on the lagged values of thevijroof
Inoil and on its own lagged values. When compared tadbelts of the Granger causality
tests, we can see that the VECM results are rohtistthe causalities found in the Granger
causality tests.

5.3.4. Structural shift
i. Trace test

In this last step, we now test for the cointegratiank of the VAR process but with a
level shift at an unknown time. In order to do thi® use the functiooajolstin R (Appendix
33) which implements the procedure of Luetkepolale2004).

Table 22 : Trace test.

H, | H, |tsatistic|] 10% | 5% | 1% Result
r<2|r>2| 284 | 3.00 412 6.89 Fail to rejectt,
r<1|r>1| 19.65 | 10.4512.28/16.42| RejectH,
r=0|r>0| 96.28 | 21.80 24.28/29.47| RejectH,

We can see in Table 22 that we reject the null thgsis at a 1% level of
significance in each case meaning that there areat two cointegration equations. Based on
this last result, it seems that the presence ofractaral break has an impact on the
determination of cointegration relationships.
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Vector error correction model

Table 23 : VECM results.

Inoil.d Ingas.d Incoal.d

ectl -0.057387 -0.098268 -0.018409
(-2.9479862) (8.9612192) (1.3463160)

ect2 -0.058610 -0.112796 -0.004206
(2.6434676) (-9.0311070) (0.2700541)

Inoil.dl1 0.275549 -0.002990 0.069905
(5.7631392) (-3.1110182) (2.0814296)

Ingas.dil 0.066484 -0.069883 0.066767
(0.7697784) (-2.4363620) (1.1005365)

Incoal.dl1 0.173342 0.042530 0.243189
(2.5311600) (2.1024218) (5.0553554)

The VECM of the model including a structural bredlkan unknown date (Appendix
34) shows us that all error correction termstl, ect? also have the correct negative sign for
the three relations relative to the growthlwdil, Ingas andIncoal, meaning that there is a
long-run relationship and there is a correctiordigequilibrium in the models. Nevertheless,
we can see that, like in the previous VECM, therecorrection terms of the relation relative
to the growth ofincoal are not significant, which means that the growthnabal is not
characterised by a long-run equilibrium. Regardhegyshort-run coefficients, we can see that
the results are similar to the previous VECM withstructural shift. The relation relative to
the growth ofinoil depends positively on its own lagged values, &deddagged values of the
growth of Incoal. The relation relative to the growth bfgas depends negatively on the
lagged values of the growth @ricoal but negatively on the growth dfigas and its own
lagged values. And finally, the growth locoal depends positively on the growthlobil and

its own lagged values.
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Chapter 6: Results

In Chapter 5, we first began with a stationarityalgsis of our prices series. Using
multiple unit root tests like the Augmented DickieyHer test (1981), the Phillips-Perron test
(1988), the Zivot-Andrew test (1992) and finallyetiKwiatkowski—Phillips—Schmidt—Shin
test (1992), we found that all price series, cotegeinto natural logarithm (Brent crude oil,
natural gas and coal), have a unit root, meaniagttiey are not-stationary.

After that, we applied the Augmented Dickey-Fulleit root test on the same price
series but when taking the first difference of thé&wr the three price series in first difference,
we rejected the null hypothesis of the presence wiit root, meaning that the first difference
series are stationary. Knowing that the price seinelevel are non-stationary but the price
series in first difference are stationary, we chant say that the three price series are
integrated of the same order orél). With this condition reached, we then conducted
cointegration tests using Engle-Granger (1987) oteind Johansen’s (1991) approach.

Before applying the Engle-Granger approach for tegiration analysis, we first
tested our variables using the Granger-causaldyiteorder to determine the causality sense
of hypothetical relationships between our variablgsing the first difference of our variable,
the results showed three causalities: coal prices@er caused oil prices, oil prices Granger
caused natural gas prices and coal prices Graageed natural gas prices.

We then tested, by pairs, those three relationaguthe Engle-Granger (1987)
approach. After estimating the linear regressidnthase relations, a stationarity test of their
residuals led to the rejection of the null hypotbesf non-stationarity resulting in the
conclusion of the existence of three cointegratedationships.

After establishing cointegration relationships betw those pairs of variables, we
then estimated an error correction model. The mesalt of this estimation is that the error
correction termsdctl) had the right negative signs in the three ECNiscetting the existence
of an error correction mechanism: in the long-misequilibrium between pairs of variables
compensate in a way that the pairs of variable® l@asimilar evolution. Moreover, it seems
that the growth olnoil andingasdepends positively on the growthln€oal when the growth
of Ingasdepends negatively on the growthlmdil. This last result can be interpreted by the
substitution effect between gas and oil: when croitl@rices rise resulting from an increase
in crude oil demand, this could lead to an incraaseatural gas production as an alternative

to oil, which leads to a decrease in natural gacepr(Villar and Joutz, 2006).
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Then, a second cointegration analysis is made udiiignsen’s approach (1988)
which has the characteristic to be a multivarigbpraach. Using the trace test and the
eigenvalue test on an estimated VAR model with tags, we found the existence of
cointegration relationships betwekmil, Ingasandincoal and also that the model contained
one cointegration vector. This being settled, vantastimated a vector error correction model
which gave us the following results: all relatidresse the correct negative signs meaning that
there is an error correction mechanism which tdodsttract the three variables on the same
path. Nevertheless, these long-run relationshipsns® be only significant for the relations
relative to the growth ofnoil andIngas Regarding the growth dhoil, it seems to be
positively dependent on its own lagged values amdhe growth ofincoal The growth of
Ingasis negatively dependent émoil and its own lagged values but positively dependent
Incoal. And the growth ofncoal is positively dependent on the growthlobil and its own
lagged values.

The third and last cointegration analysis is bagedhe same idea as Johansen’s
approach but by integrating the possibility of agance of a structural break at an unknown
date (Luetkepohl et al., 2004). The first step ¢siesn the trace test of the estimated VAR
model, which gave us the same results as Johanggotedure of the existence of
cointegration relationships betwelmoil, Ingasandincoal but with two cointegration vectors.
The result that there is one more cointegratiortoreexhibits the fact that the presence of a
structural break has an impact on cointegratioaticiships.

A vector error correction model is then estimatexht the VAR model. The results
showed that the two error correction termast{ andetc? have the right negative sign and are
significantly different from zero for the relationslative to the growth dhoil andingaslike
in Johansen’s procedure which give us the fact ttmatgrowth ofincoal does not seem to
have an error correction mechanism in the long-Regarding the dependency of the growth
of Inoil, Ingasandincoal, the results seem to be the same as Johansec&dpre and then
stay robust when adding a structural break componen
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V. Conclusion

Economic and financial price series exhibit, mdghe time, the characteristic to be
non-stationary. The problem with those kinds ofiesewhich have this property is that
classical analytical methods cannot be used on,thethe risk of having as a resutptrious

regression.

In order to get around this difficulty, we applidéte cointegration theory on our
variables in order to detect some hypotheticalti@iahips among prices of crude oil, natural
gas and coal. Two main methods were used withitsiedne being the Engle-Granger (1987)
method which allows us to analyse the cointegrataationships between pairs of variables
and the second one being the multivariate Johasig@891) approach which allows us to

determine the number of cointegration relationships: VAR models.

The results from the Engle-Granger (1987) method faom the Granger causality
tests) show us that there are three cointegraétationships among our variables seeing that
the prices of coal have an impact on the pricesrade oil and natural gas and the prices of

crude oil have an impact on the prices of natuaal g

After estimating their respective error correctimndel for each relation, it has been
interpreted that all of them exhibit a long-runatenship, meaning that an error correction
mechanism is present in order to compensate someat@ disequilibrium. This mechanism
helps to keep the evolution of the three priceesenn the same path in the long-run.
Moreover, it seems that the growth of coal pricas & positive impact on the growth of crude
oil and natural gas prices when the growth of cratigrices has a negative impact on the
growth of natural gas prices. This first step acpished, we can say that our hypothesis n°1

is verified for those three relations.

The second method used for cointegration analgsidohansen’s (1991) approach
and it allows the analysis of multiple variablestet same time and not only by pairs, as it
was only possible with the Engle-Granger (1987)hoeét Based on the estimation of a VAR
model with our three variables, the results of ##sond method show us the existence of one

cointegration vector among the three variables whltows us the estimation of the VECM.

The results from the estimated VECM show us thie, ih the Engle-Granger (1987)

method, there is an error correction mechanisnohly in the relations relative to the crude
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oil prices and the natural gas prices. The relateative to the coal prices does not have a
significant error term in its relation. Concerniting short-term indicators, the results coincide
with the Engle-Granger (1987) method. In fact, gnewth of crude oil prices is positively
dependent on the past values of the growth of poaks and its own past growth in price
values. The growth of natural gas prices are negjgtiinked to the past values of the growth
of crude oil and coal but also to its own past gloim price values. And finally, the growth of
coal prices is positively dependent on the pasiesabf the growth of crude oil prices and on
its own growth in price values. Based on thoseltgswe can then assert that our hypothesis

n°2 is verified and there is in fact a cointegnatrelationship among our variables.

The third and final analysis used the same Johanée®91) approach but with the
difference that, in the estimated model, a strattioreak at an unknown date has been
introduced. The method is based on Luetkepohl &2@04) and allows the analysis of
cointegration relationships when a structural brealour data is taken into account. The
reason for this analysis is to determine if strgagations in our data have an impact on the
presence of cointegration relationships we foundieza The strong variations refer to the
high volatility period resulting from the econonand financial crisis in 2008 and 2009 when

the prices of our three variables experienced & lougp.

The results from this third cointegration analysisow us the existence of an
additional cointegration vector in the estimateddelocompared to the previous analysis
which gives us two cointegration vectors. The estion of the VECM gives us the same
interpretation as Johansen’s approach with an eorection mechanism in the relation

relative to the crude oil and natural gas pricasnoa for the coal prices.

With this last result, we can then validate ourdtiyesis n°3 and say that, despite the
presence of a structural break in the model, tbgrgt two cointegration relationships among

our variables which have a long-run relationship.

The fact that the presence of a structural breakahgositive impact on the presence
of cointegration relationships shows us that theme strong relations between crude oil,
natural gas and coal prices, even if a high viathatideriod occurs in the prices series. In fact,
such highly volatile periods, like the one from tiem last years, could have an important
impact on the models’ estimations but it seemsttiatointegration relationships among our

variables do not react the same way and there deooupling effect.
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The results of this thesis could be particularlyefuk for the energy industries
especially for hedgers who are looking to diministk during a crisis period. In fact, during
high volatility periods, it is relatively difficulto reduce the risk linked to energy sources. The
fact that the three prices seem to be cointegratedd be helpful to better anticipate the

behaviour of energy prices during economical aaificial crisis periods.

Nevertheless, this thesis has its own limits. Beeaaf the accessibility and the
availability of appropriate data, we based our ptmal data that we estimated the best for their
use. This limit leads us to appropriate recommeadsatwe can give in order to improve this
thesis or go deeper into the analysis. First af iltould be interesting to use other data
which, maybe, give a better representation of fdasis in Europe but this kind of data can
be difficult to gather, especially over a long pelti The second recommendation is to use
other types of data. In this thesis, we use esabntiverage monthly spot prices and it could
be interesting to see if our results hold if usintyres prices. Moreover, the frequency could
also have an impact on results just as the sizthefhistory chosen. The third and last
recommendation concerns the methodology. It coeldigeful to use another cointegration
method like the Philips-Ouliaris approach in orttecompare the results. Finally, in order to
better estimate the impact of structural breakscomtegration relationships, it could be

interesting to use a more precise estimation method

To conclude this thesis, it is important to sayt t@ntegration analysis is a relative
new-born theory that allows us the analysis ofmeaaic and financial series that could not
have been done before, especially because of thwstationarity characteristic of such series.
Nevertheless, cointegration theories could stilveha lot to offer in terms of research
possibilities and discoveries in economic and faranfields. But it maybe needs some

further research, but as a great professor onde sai
“If we knew what it was we were doing, it wouldltalled research, would it?

(Albert Einstein)
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