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ABSTRACT
This master’s thesis investigates the volatility dynamics of the European natural gas market in a recessive
economic environment, namely for the period from October 2008 until January 2012. Three gas market areas
and their respective trading hub are considered: the National Balancing Point (NBP) in Britain, Zeebrugge in
Belgium, and the Transfer Facility (TTF) in the Netherlands.
This thesis provides background information about the global and European natural gas market including its
crucial interactions between gas, oil, electricity and CO2 markets in Europe. The analysis of the daily spot
prices and returns from the three European trading hubs provide useful information on the statistical properties
and on the events that affected natural gas prices during the recession and slow recovery of the European
economy. The conditional variance and covariances of the returns are estimated using five different models.
For the univariate case the symmetric GARCH(1,1), two asymmetric extensions of the GARCH, i.e.
EGARCH(1,1) and TGARCH(1,1) are employed. For the multivariate covariance analysis the Constant
Conditional Correlation (CCC) and the diagonal BEKK variance specification are estimated. All the models
imply a very strong persistency in the volatility process of natural gas returns for the three markets. The
volatility is found to react more to unexpected negative returns than to positive ones. A positive correlation
among the volatilities of the three markets is revealed, exhibiting the highest value for the market pair of
Zeebrugge and TTF. There is evidence that the present volatility of NBP returns is dependent on the volatility
of the previous day and one month before. Finally, during the period of negative growth rates of the European
economy (2008 – Q1 2010), natural gas returns are more volatile than in the period of the slow economic
recovery (Q2 2010 – January 2012), suggesting two different volatility regimes for the sample period.
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INTRODUCTION
Since the beginning of liberalization of the gas market in the late 1990’s, the European natural gas market has
undergone major changes. Prior to liberalization, the European gas market was regionally fragmented and the
supply of natural gas was governed by state owned monopolies. Since 1998, several Gas Directives have been
passed with the purpose of creating a competitive and efficient gas market within Europe. Vertically integrated
gas companies were legally obliged to unbundle production and supply activities from their transmission
business. This mechanism targeted on increasing the competition within the value-chain of natural gas. With
the liberalization, natural gas exchange locations have emerged, where gas can be traded between parties, so
called trading hubs. The gas market in Europe is relatively young and the liquidity and maturity of the trading
hubs varies between the European countries.
Recent events, induced by the financial crisis of 2008, still confront the European Union with several
challenges. The crisis of 2008 increased the sovereign debt of member states, not only due to bailout measures
to stabilize the financial system. In the meantime real economy slipped into recession, reducing the industrial
production of the European countries. The decrease in industrial activity impacted the demand for natural gas.
Two major events in 2011 were especially relevant regarding the demand and supply of natural gas. The supply
side has been affected by the revolts against leading regimes in the Middle East and in North African countries.
These two regions are important sources of natural gas for Europe. On the demand side, the Tsunami that hit
Japan on March, 11th 2011 and the following Fukushima nuclear disaster had a strong impact on the energy
debate in the European Union, affecting future demand for natural gas. Public protests against nuclear power
generation triggered politicians to reflect on possible alternatives to this electricity generation, with gas filling
in as an important back-up.
Research on volatility modeling focusing solely on the European gas market is almost inexistent. Much of the
research investigating the European gas market is concentrated on the integration of the regional gas markets
within Europe and across continents. Another string of research focuses on the interrelationship between the
natural gas, oil and electricity markets in Europe. In light of the above mentioned developments, the aim of this
thesis is to give an insight on the European natural gas market, its dependencies with other energy commodities
and to analyze the price, return and volatility behavior of natural gas prices. This thesis covers the British, the
Belgian and the Dutch natural gas markets. During the period between October 2008 and January 2012, we
assess and interpret the volatility dynamics of the daily returns of gas prices traded at the National Balancing
Point (United Kingdom), Zeebrugge (Belgium) and the Title Transfer Facility (Netherlands).
The first chapter of this thesis provides an overview on the importance, demand and supply of gas on both a
global scale and in Europe. The second part of this chapter sheds light on the liberalization legislation and
energy challenges that Europe may face in the near future. The main European trading hubs and natural gas
exchanges are presented in Chapter 2. This chapter addresses the dependencies of natural gas prices in Europe,
across regions and across energy related commodity markets including the European carbon dioxide market.
While the first two chapters are of introductory nature, Chapter 3 and the following ones represent the core of
the thesis. In Chapter 3, the statistical properties of the National Balancing Point (NBP), Zeebrugge and Title
1

Transfer Facility (TTF) prices and returns are assessed together with the price development of natural gas
during the period between October 2008 and January 2012. The subsequent chapter introduces the time series
volatility models applied in the last chapter, namely the Generalized Autoregressive Conditional
Heteroskedastic (GARCH) model, its asymmetric and multivariate extensions. Finally, Chapter 5 analyzes the
volatility dynamics of natural gas returns for the three above mentioned trading hubs and compares the results
of different volatility models applied.

2

1

Natural Gas Markets

The energy market is changing rapidly as globalization increases and the world economy is becoming more
and more interconnected. In mid-2008 oil prices rose up to 143.95 USD per barrel1 making clear that it is in the
best interest of all participants in the real economy, not only to diminish their dependencies on energy imports
but also to diversify their importing sources. It is very well known that energy is an important economic factor
and that any shock to the supply or demand side is likely to have non negligible effects on the stability of the
economic system. New technologies related to extraction methods and new findings of energy reserves are
expected to affect the diversity of the energy exporting and importing countries. Globalization also affects
energy balances across the globe as more liquefaction and storage facilities for Liquefied Natural Gas (LNG)
are built. This development can be interpreted as a shift in the perception of natural gas from a by-product in
the extraction process of oil to an additional energy source for both electricity production purpose and
residential market (for heating). Furthermore, LNG has contributed to a more interconnected world market for
natural gas. This is because – at the very beginning of natural gas trading – the latter was primarily transported
through pipelines and thus limited to regional markets.
This first section aims to highlight the impact of the global crisis in 2008 with focus on the energy balance. The
second part of this section focuses on the European natural gas market, where a short introduction to the
liberalization process induced by the European Union will be given. Further, the factors influencing the
demand and supply growth of gas in Europe will be depicted. Finally, we will conclude with the future
challenges for the energy market in Europe.

1.1

Global Energy Statistics

Natural gas together with oil and coal are the most important traded energy commodities. First, we address the
role of natural gas in the primary energy mix. Thereafter, we depict the evolution of worldwide consumption
and supply of gas in recent years. The second part of this section describes the impact of shale gas extraction
and the increasing role of LNG. Finally, we picture the natural gas importing means and the trade movements
across regions worldwide.

1.1.1

Primary Energy Consumption

The recession of 2008 which rooted in the global economic crisis of 2007 hit most of the nations worldwide. In
2009, according to the Organisation for Economic Co-operation and Development [OECD], the world GDP
decreased by 1.2% and in the Euro area real GDP decreased by 4.2%.2 The consumption of primary energy3
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has declined worldwide from 2008 to 2009 by 1.5%. In the European Union this decline amounted to 5.9%. In
2009, the consumption of primary energy in the European Union fell back to the levels of the late 1990’s. In
2010, the global economy recovered and showed a real GDP growth amounting to 5.0% and for the Euro area
1.8%. For the year 2011 and 2012, the OECD expects a worldwide GDP growth amount to 3.8% and 3.4%,
respectively. Furthermore, the European area is expected to growth more slowly than it did in the past: GDP
growth is seen to grow at 1.6% and 0.2% for 2011 and 2012, respectively.4 With the global economy beginning
to recover in 2010, primary energy consumption also began its recovery and grew by 5.6% and 3.2%
worldwide and in the Euro area, respectively.5 A summary of the world’s primary energy consumption by fuel
is given in Table 1 below:
Table 1: World primary energy consumption by fuel for 2009 and 2010
Oil

Natural Gas

Coal

Nuclear Energy

Hydro electric

Renewables

2009

2010

2009

2010

2009

2010

2009

2010

2009

2010

2009

2010

North America

26.1%

25.8%

27.5%

26.9%

16.0%

15.6%

34.7%

34.2%

20.7%

19.3%

28.2%

27.9%

South/Central
America

6.9%

7.0%

4.6%

4.7%

0.7%

0.7%

0.8%

0.8%

21.4%

20.3%

6.8%

7.0%

Middle East

8.8%

8.9%

11.6%

11.5%

0.3%

0.2%

0.0%

0.0%

0.3%

0.4%

0.0%

0.0%

Africa

3.9%

3.9%

3.3%

3.3%

2.8%

2.7%

0.5%

0.5%

3.0%

3.0%

0.6%

0.7%

Asia Pacific

30.8%

31.5%

17.0%

17.9%

66.1%

67.1%

20.9%

21.0%

29.6%

31.8%

19.5%

20.5%

European
Union6

17.1%

16.4%

15.5%

15.5%

7.9%

7.6%

33.0%

33.1%

10.1%

10.7%

43.2%

42.1%

Total World

3909

4028

2661

2858

3306

3556

614

626

736

776

137

159

Change
Worldwide
Energy mix

3.1%
34.4%

33.6%

7.4%
23.4%

23.8%

7.6%
29.1%

29.6%

2.0%
5.4%

5.3%
5.2%

6.5%

15.5%
6.5%

1.2%

1.3%

Source: BP, 2011, p. 41

In 2010, the consumption of renewables grew at a rate of 15.5%. Additional demand came mainly from the
Asia Pacific region, which increased renewables in its energy mix by 1%. Natural gas and coal consumption
increased in the meantime by 7.4% and 7.6% respectively.
Oil is still the leader in the energy mix accounting for approximately 34% of worldwide primary energy
consumption. In second place comes coal with a share of about 30% in the energy mix. The demand for coal
has recently been driven mostly by the Asia Pacific region. Regarding natural gas, its share in the worldwide

4
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France, Germany, Greece, Hungary, Republic of Ireland, Italy, Latvia, Lithuania, Luxembourg, Malta, Netherlands, Poland,
Portugal, Romania, Slovakia, Slovenia, Spain, Sweden, United Kingdom (UK).
4

energy mix is still about 24%. In 2009, natural gas experienced the largest decrease in consumption amounting
to 2.4% compared to the year 2008. Furthermore, for the same year, the consumption of gas in the European
Union decreased by 6.1%, while the decrease for Germany and Italy amounted to 4% and 8%, respectively,
compared to the 2008 levels.7 In 2010, the level of natural gas consumption in Germany was back to the level
in 2008, but Italy still had its consumption below the level reached in 2008. Finally, primary energy
consumption was concentrated in North America, the Asia Pacific region and the European Union, where the
primary energy consumption of these three regions totaled 75.6% of the worldwide demand.

1.1.2

Worldwide natural gas demand and supply

Among all OECD regions, in 2009 the average gas demand dropped by 3.3%. However, disparities could be
observed: China, Middle East, India and North African countries had a strong increase in demand. Europe was
the most affected among the OECD regions: more precisely the industrial and power sectors were the sectors in
which the decrease in gas demand was the most concentrated.8 World gas demand increased in 2010 by 7.4%
compared to the 2009 level, reaching a growth rate that has been rarely seen in the past 40 years.9
The 5.9% growth of the natural gas demand in the OECD region for the year 2010 has to be put into
perspective, as weather conditions favored the recovery in gas demand. The European region faced cold winter
temperatures, which triggered gas demand in 2010 to levels registered in 2007, while the Pacific region
suffered from hot summer temperatures, also fostering demand. The largest users of gas in 2010 were United
States followed by Russia, Iran and China, where China had a spectacular 22% increase in gas demand.10
As of 2010, the International Energy Agency [IEA] pointed out that the discoveries and extraction of
unconventional gas in the United States11 might affect the global natural gas supply as this new source of
natural gas could meet the United States demand needs and thus increase the supply of this commodity on a
global scale.12 The natural gas market is facing important challenges as new supplies from LNG and
unconventional gas tend to generate an oversupply of this commodity.13 The use of natural gas in power
generation has increased by 5% and is seen as the main driver behind the demand for gas. Furthermore, gas is
increasingly competing against coal as input for power generation. Renewable energy such as wind and solar
are gaining momentum in the power sector. On the demand side, the IEA expects a positive impact on gas
demand resulting from the decisions of the German and Japan governments to move away from nuclear power

7

BP, 2010, p. 41.

8

International Energy Agency [IEA], 2010, Part I-3.
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IEA, 2011, Part I-3.
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Rogers (2011) provides more insights on the evolution of the US shale gas industry and on the impact of the US shale gas
production on other natural gas markets including LNG.
12

IEA, 2010, Part I-4.

13

For the year 2010, shale gas production in the United Stated was estimated to have increased by 50 billion cubic metres (bcm)
and LNG production capacity went up to 100 bcm where 60 bcm of additional LNG capacity was attributed to the completion of
LNG projects. See IEA, 2011, Part I-3.
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generation. Additionally, whether the situation of gas oversupply will last for a couple of years is highly
dependent on both, the economic recovery and the governmental decisions regarding energy efficiency,
renewables and nuclear.14
For the period between 2010 and 2016, the IEA expects a strong increase in gas demand, which could amount
to 3800 billion cubic metres (bcm). Most of the demand will be driven by non-OECD countries as consumption
in OECD countries will have a constrained growth given the high gas prices. With respect to supply, the IEA
foresees LNG supplies growing by about 33% over the period 2010-2016.15

1.1.3

Trade Movements

Gas imports to the different regions can either take place by means of pipeline to transfer natural gas or LNG.
In 2010, LNG shipments had a very strong growth of 22.6% compared to the levels in 2009, whereas the
amount of natural gas trade grew by 10.1%. The following table summarizes the proportion of pipeline and
LNG imports for the top ten natural gas importers, which together import 63.6% of the worldwide traded
natural gas:
Table 2: Top Ten of gas importing countries by trade type in 2010
Pipeline imports
(in %)

LNG imports
(in %)

Share of worldwide
imports (in %)

Total imports
(in bcm)

United States

88.4%

11.6%

10.8%

105.48

Japan

0.0%

100.0%

9.6%

93.48

Germany

100.0%

0.0%

9.5%

92.82

Italy

87.9%

12.1%

7.7%

75.35

United Kingdom

65.2%

34.8%

5.5%

53.65

France

71.5%

28.5%

5.0%

48.89

South Korea

0.0%

100.0%

4.6%

44.44

Turkey

78.4%

21.6%

3.8%

36.68

Spain

24.3%

75.7%

3.7%

36.40

Ukraine

100.0%

0.0%

3.4%

33.03

Total World

69.5%

30.5%

-

975.22

Source: BP, 2011, pp. 28-29.

As shown in Table 2, in 2010 the total amount of worldwide traded natural gas amounted to 975.22 bcm, while
620.2 bcm of the total amount was absorbed by the United States, Japan, Germany, Italy, United Kingdom,
France, South Korea, Turkey, Spain and Ukraine. Table 2 also indicates that Japan and South Korea fulfill their
natural gas needs by importing exclusively LNG. On the other extreme, Ukraine relies heavily on Russian gas
from the pipeline. The United States imports through the pipelines gas from Canada and Mexico, whereas the
LNG mainly stems from Trinidad and Tobago. The Russian Federation is the largest exporter of natural gas

14

IEA, 2011, Part I-3,4.

15

IEA, 2011, Part I-4.
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with exports amounting to 199.85 bcm in 2010, followed by Norway and Qatar with 100.6 bcm and 94.9 bcm,
respectively.16 Figure 1, below describes the natural gas trade movements worldwide. The major trade routes
for natural gas from the Russian Federation are through pipeline. LNG has a strong presence in the Asia Pacific
region and in Europe it contributes to the diversification of the sources of supply.
Gas together with oil and coal are the major primary energy sources. In 2009, world GDP and gas consumption
decreased on average. Some regions increased their demand in 2009, while others, especially Europe, reduced
its consumption by 6.1%. In 2010, worldwide GDP recovered and gas demand augmented by 7.4% compared
to 2009. Finally, the increasing role of unconventional gas in the United States and the increasing LNG
capacity are likely to impact natural gas supply worldwide.

Figure 1: Major natural gas trade movements, 2010

Source: BP, 2011, p. 21.

16

BP, 2011, p. 28.
7

1.2

Natural Gas in Europe

As described in the previous section, the impact of the economic crisis on the worldwide energy markets
differed across economies. Natural gas and its use for power generation can be seen as a driver for future
natural gas demand in Europe. Since the 90’s the natural gas market in Europe has undergone major changes.
Especially, since several European directives have been passed in order to liberalize the natural gas and
electricity market within the European in Europe. The first part of this section summarizes the third Gas
Directive (2009/73/EC) of 13 July 2009 concerning common rules for the internal natural gas market in
Europe. In particular it illustrates the impact on European gas utilities by the commitment of the European
Union to create an internal market for energy. The rest of the section aims at analyzing the changing structure
of the demand and supply side for natural gas. Finally, we end with an outlook on the future energy security
challenges that Europe might face in the next decade with special attention on long-term gas supply contracts
and their linkage to oil and gas prices.

1.2.1

Liberalization: a new landscape of European gas utilities

The main purpose of the Liberalization Directives is to create a more competitive internal energy market in
Europe. In 1998, the first Gas Directive (98/30/EC) focused on regulating and allowing third party access
(TPA) to storage facilities, transmission and distribution networks. The latter was repealed in 2003 with a
second Gas Directive (2003/55/EC).17 Ultimately, the European Union aspired to increase the competitiveness
of the gas market by breaking up the integrated gas companies through a legal unbundling of their production
and supply activities from their transmission business. This vertical unbundling plan was conceived to facilitate
third party access (TPA) to transmission, distribution and LNG facilities and thus to increase competition in the
value-chain of natural gas.
Later on in 2009, the European Commission18 adopted a third Legislative Package, which includes two
Directives and three Regulations for the natural gas and the electricity market.19 The Directives established
common rules for the internal natural gas (2009/73/EC) and electricity market (2009/72/EC).20 The new
regulations concern the natural gas transmission network ((EC) No. 715/2009), the cross-border exchange of
electricity and the access to the power network ((EC) No. 714/2009). Finally (EC) No. 713/2009 gives a
framework for the creation of the Agency for the Cooperation of Energy Regulators (ACER). This new agency
will be responsible not only for the monitoring of the European internal market, but also for the set of
guidelines for network operators regarding their cross-border network operations. The general idea behind this
new set of legislative packages is to enhance the cooperation among grid operators with the objective to

17

A summary of the Gas Directives 98/30/EC and 2003/55/EC is provided by Honoré, 2010, pp. 209-213.

18

For more information on the European Commission’s initiatives in 2011, see Buchan (2011).

19

EUROPA, European Union’s portal web site, MEMO/11/125, “Questions and Answers on the third legislative package for an
internal EU gas and electricity market”.
20

The two Directives had to be transposed into national law by the Member States by March 2011.
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develop a European network for gas and electricity that would work like a single one. This legislative package
also aims at increasing the transparency with respect to supply and network operations in order to guarantee an
equal access for all market participants.
According to Stern & Rogers (2011)21 the national liberalization programs challenged European gas utilities
with several problems:
(1) more competition in the region or country of a gas utility would lead to less market share,
(2) although only a legal unbundling of the transmission and distribution business was required (vs.
ownership unbundling) it meant for gas companies that they would achieve a lower rate of return in
their “new” business, and finally
(3) due to the relatively smaller size of gas utilities through the implementation of liberalization programs,
gas utilities would not be able to compete on the same level as electric utilities which were larger by
size.
Since the 2000’s there has been a series of M&A activities in the power and gas sector which reduced the
number of companies in these sectors; consequently, the remaining companies have grown bigger.22 It is
difficult to foresee the impact of these new large utility companies on the creation of a competitive internal
energy market. The vertical unbundling of network and supply activities is on a good path with the creation of
several organizations appointed to control the implementation of the directive. However, it is critical to say if
the actual legislation within the EU will eventually provide more competition and will – in the best case
scenario – reduce wholesale prices.
In addition, the convergence of the power and gas sector increases the risks of large utility companies
dominating the wholesale energy market in Europe through the ownership of large power systems.23 Thus if
the European utility company landscape remains highly concentrated, it is very likely that single large
companies could influence wholesale energy prices. Also the size of these companies might prevent new
entrants to access the European market. And finally, the presence of big players in the wholesale market may as
well prevent an effective competition and therefore reduce market liquidity.

1.2.2

Demand behavior in Europe in the crisis’ aftermath

Honoré (2011)24 analyzes economic, energy consumption and production data in Europe in the light of a
market hit by the financial crisis and the recession that most of the countries in the region faced. By September
2010, the industrial production in Europe was back to 2003 levels. The recovery was not equal across all

21

Stern & Rogers, 2011, p. 19.

22

Honoré, 2010, p. 215; Stern & Rogers, 2011, p. 19. E.ON, RWE, GdFSuez are companies which were recently involved in
M&A activities.
23

Honoré, 2010, p. 216.

24

In the Appendix of Honoré (2011) more detailed country data can be found which the reader could find useful for a more
detailed analysis of the gas and power market in EU member countries.
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countries, e.g. in Greece and Denmark the industrial production did not rebound as quickly as expected.
Regarding power generation, Honoré (2011) points out that some countries increased their local electricity
generation although their industrial output was down. When comparing the electricity markets in the first half
of 2010, she notes that there is a fragmentation between the North West European countries and Southern
Europe regarding electricity generation. A switching from coal to gas was apparent for the North of Europe
such as for the UK, France or Germany. However the situation was different in Italy or Spain where the
electricity generation using gas diminished due to a higher use of hydro and wind generation. Finally, she
concludes that it is difficult to define the real forces working behind the natural gas consumption in Europe in
the years 2008-2010. Regarding demand, she asserts that the cold winters in 2008 and 2009 contributed to a
large extend to the increase in gas demand. The remaining growth in consumption can be attributed to the
economic recovery since 2010 as well as to the power sector switching to gas as an input for electricity
generation. Finally, the global warming problems addressed by European governments together with the issue
of energy supply security are likely to change the energy mix and thus the dependencies on natural gas and
other energy resources.

1.2.3

Supply

The natural gas production in the OECD Europe25 amounted to a total of 307’262 million cubic metres (mcm)
in 2008, which represents about 9.7% of the worldwide production.26 By 2009, Europe was producing 291’676
mcm of natural gas, which was a decrease of approximately 5.1% compared to 2008 and 1% (4.5%) below the
levels of 2007 (2006).27 The largest producers in 2009 were Norway, the Netherlands and the United Kingdom,
with a share of 36.4%, 27% and 21.4%, respectively. These top three producing countries account for about
84.8% of the total European indigenous production. In the period between 2006 and 2009, Norway was the
only country of the three mentioned above that was able to increase its production on a Compound Annual
Growth Rate (CAGR) of 6%, whereas for the Netherlands’ and the United Kingdoms’ production grew with a
CAGR amounting to 0.6% and -9.4%, respectively. On the other hand, the Russian Federation has declining
gas production volumes: the production of 571’546 mcm in 2009 much lower than the 1990 level of 628’892
mcm, representing a CAGR of -0.5% over the last 19 years.28 In the meantime, the Russian Federation is still
the country with the highest proved reserves in 2010 totaling 44.8 trillion cubic metres, which represents 23.9%
of worldwide proved reserves.29

25

When referring to “OECD Europe” or “Europe” using IEA (2011) Natural Gas statistical Data, the countries we are referring to
are: Austria, Belgium, the Czech Republic, Denmark, Estonia, Finland, France, Germany, Greece, Hungary, Iceland, Ireland, Italy,
Luxembourg, the Netherlands, Norway, Poland, Portugal, the Slovak Republic, Slovenia, Spain, Sweden, Switzerland, Turkey and
the United Kingdom. For the other OECD regions, see IEA, 2011, pp. xxv-xxvi.
26

IEA, 2010, Part II-4, 5.

27

IEA, 2011, Part II-4.

28

IEA, 2011, Part II-4.

29

BP, 2011, p. 20.
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1.2.4

Energy Security Challenges

The challenge for Europe as well as for all countries worldwide is to ensure a long-term supply of energy
resources. Europe’s supply traditionally relied on long-term natural gas import contracts featuring the delivery
of natural gas over 20 to 25 years. Usually these types of long-term contracts contained a minimum payment
and a minimum Take-Or-Pay (TOP) obligation.30 The latter contract features ensured the delivering party a
regular cash flow for financing its projects.31 The rational reason for both parties to enter such agreement was
that (1) the seller was ensured to have a certain cash flow but this had to bear the price risk, (2) the buyer had a
certain supply at a fixed price, but had to take a minimum gas volume, and (3) the price indexation mechanism
ensured that the price for gas delivery was competitive with that of other fuels.32 To summarize this, long-term
contracts split the risk among the two contracting parties, so that the supplier has to bear the price risk whereas
the buyer has the volume risk.
The pricing of gas under long-term supply contracts was usually linked to other competing fuels. The rationale
behind such linkages was to ensure the competitiveness of natural gas with other oil products and make the
switching from gas to other competing energy sources less attractive.33
The price indexation of natural gas prices varies enormously among the importing regions within the European
Union. The European Commission (2006) published in its “Sector Inquiry under Art 17 Regulation 1/2003”
figures in relation to the price indexation with respect to the region of the purchasing company. According to
their data, long-term gas supply contracts prices for the United Kingdom are linked up to 40% to gas hub34
prices and about 30% to heavy fuel oil and light fuel oil prices. Conversely, the long-term contract price
indexation to heavy and light fuel prices is larger than 80% in Western Europe and for Eastern European
countries this indexation amounts to 95%. Furthermore, for Western European purchasing countries an
indexation of long-term gas contracts to hub prices is found.35 Usually, price reviews are made on a quarterly
basis. In addition, the factors involved in the pricing formula are not known, but it is acknowledged that
competing fuel prices are included in the pricing formula with a lag of about 3 months.36 This means that the
prices paid for natural gas lag behind the price evolution of other competing fuels, such as crude oil.

30

Take-Or-Pay clauses ensured the seller to get paid even if the buying party wasn’t taking the full volume agreed upon.

31

Infrastructure investments such as pipeline construction or the construction of storage facilities are capital intensive investments.
Through the use of long-term contracts, the producing companies were reassured regarding the financing of such capital intensive
projects. See also von Hirschhausen & Neumann, 2008, p. 135.
32

Honoré, 2010, pp. 252-253.

33

Heren, 1999, p. 5.

34

A trading hub can be of virtual or physical nature. Its role is to favor the transfer of natural gas between buyers and sellers under
standard contract conditions.
35

European Commission [EC], 2007, pp. 103-104.

36

Stern & Rogers, 2011, pp. 5, 28. In theory, the adjustment of the pricing formula involving several factors such as inflation, GDP
growth rates or competing fuels was possible every three years.
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The Oxford Institute for Energy Studies (OIES) published several papers concerning the issue of long-term
contract agreements in Continental Europe.37 Stern & Rogers (2011) point out that the oil-price increase of the
mid-2008 revealed how the linkage between the system of long-term gas contracts and fuel prices represented a
higher financial risk for European buying companies compared to those contracts that were hub based. Further,
they argue that since the 2008 recession the supply and demand situation on the worldwide market for natural
gas has changed: (1) in Asia the demand for LNG slumped in 2009 but recovered in 2010, mostly the Chinese
and Indian demand for LNG was less subject to the recession; (2) LNG imports in the United States decreased
beyond expectation, among others due the rapid growth of unconventional gas production and finally, (3) the
power sector demand for natural gas was heavily influenced by the fluctuation of coal and carbon prices.38
One of the arguments for a hub based pricing mechanism of long term contract, is that oil linked contracts are
not able to reflect adequately changing demand and supply conditions. Particularly, the prices paid for natural
gas at a trading hub reflect the (im)balance in supply and demand for that commodity. The authors conclude
that the transition to hub-pricing will be challenging. Under two scenarios of negotiation (or litigation) the
transformation of these long-term oil linked contracts to hub linked contracts will end up with shorter and more
flexible contractual agreements. This process may also be accompanied by deteriorating relationships between
buyers and sellers, endangering so the supply security that Europe is trying to achieve.
The recession beginning in 2008 did not affect all regions globally in the same way. In 2009, although GDP
and gas demand experienced negative growth rate on a global level, some regions continued to increase their
demand for gas. In 2010, the world GDP was up by 5.0% and natural gas experienced the highest demand
growth rate amounting to 7.4%. The largest users of natural gas in 2010 were the United States, the Russian
Federation, Iran and China. That year, Chinese demand for natural gas showed a spectacular growth of +22%.
In 2009, the European Union underwent the strongest decrease in gas demand among all OECD regions
accompanied by a negative growth of GDP. By 2010, the European economy started its recovery impacting
natural gas positively. Especially for the North European countries, the consumption growth of natural gas in
2010 can be attributed to the increase in economic activity and an increased use of gas for power generation. In
the near future, the natural gas market will face a challenging situation: the growing LNG capacity together
with an increased production and consumption of unconventional gas in the United States are likely to trigger
an oversupply of gas. Finally, the challenge for Europe is to diversify its supply sources and to decrease its
reliance on Russian gas.
This chapter aimed at giving an insight on the impact of the economic crisis on the natural gas demand and
supply on a global scale and in Europe. The next chapter is concerned with providing background information
on the European natural gas market and its dependencies with other energy commodities.

37

Stern (2007); Stern (2009); Stern & Rogers (2011).

38

Stern & Rogers, 2011, p. 6. The short-term power price and the so-called „spark“ and „dark“ spread are important elements for
any power company as they reflect the cost of generating power. The spark (dark) spread is defined as the difference between the
natural gas (coal) cost of generating a Megawatt hour (MWh) of electricity and the price of one MWh of electricity. This spread is
defined for one point in time at one particular location. See Honoré, 2010, p. 46.
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2

Natural gas trading and dependencies

Market participants in the European natural gas market relied for a long time on oil linked long term gas supply
contracts. With the liberalization of the European natural gas market, natural gas trading locations, so called
trading hubs, have emerged. In the first section, we sketch the role of the trading hubs, their location and also
the exchanges where natural gas delivery contracts can be traded. In the last part of the first section we show
how the prices of natural gas in different European markets have converged. Finally, the last section depicts the
dependencies of natural gas prices across natural gas markets and energy commodity markets including the
European carbon dioxide market.

2.1

Trading Hubs

The emergence of trading hubs in Europe can be interpreted as a result of the European Union’s plan to render
its internal natural gas market more competitive. By means of the three Gas Directives, the European Union
wants to create a market for natural gas, where the commodity traded at these exchanges has a price that
reflects the supply and demand of the market participants.

2.1.1

Definition and role

In general, a trading hub is a location where gas can be exchanged between parties. The trading hub can be
either of physical or virtual (notional) nature. On the one hand, the physical trading hub requires the natural gas
to enter or exit at this specific point, i.e. natural gas as such has to be transported to and from this geographic
location. Usually, at the specific physical trading hub various services and structures are available like storage
facilities, LNG terminals or gas pipelines, which allow the transfer of natural gas from one gas pipeline to
another. At a virtual trading hub, gas that has already been injected in the transmission grid system (or
transmission network) is traded. The transmission network can be either regional or national and so the virtual
trading hub can be based either on the whole or part of the transmission network. It is therefore not relevant
which entry or exit point has been chosen for the injection or withdrawal of natural gas, when trading takes
place at a virtual hub.39
The development of trading hubs is an important step towards a more competitive internal European natural
gas market. Still, in order to achieve this, the trading hubs have to attract enough market participants that are
willing to exchange natural gas. Liquidity plays here a crucial role, as traders seek markets where the sale and
purchase can be executed rapidly and with a little bid-ask spread. In addition, a transparent and free market
with clear trading conditions can enhance liquidity. The next sub-section depicts the main trading hubs in
Europe.

39

EC, 2007, pp. 33-34; GDF SUEZ Trading, web glossary available from http://www.gdfsuez-trading.com/en/homepage/
glossary/glossary/
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2.1.2

Trading locations

There are several trading hubs for natural gas in Europe, but these are relatively new compared to the Henry
Hub in the United States. The virtual trading hub, National Balancing Point (NBP), located in the United
Kingdom is considered to be the most mature market in Europe, while the two continental trading hubs
Zeebrugge and Title Transfer Facility (TTF) located in Belgium and the Netherlands, respectively, are
considered to be the dominant trading hubs in continental Europe. Three natural gas trading hubs are emerging:
the Point d’Échange de Gaz (PEG) Nord for the French market, NetConnect Germany (NCG) and Gaspool
(GPL) trading hubs for the German market.40
The National Balancing Point covers the whole British transmission system and is of virtual nature.41 In
Britain, National Grid owns and operates the national grid. The United Kingdom has 9 entry points or
terminals, namely St. Fergus, Teesside, Barrow, Burton Point, Easington, Theddlethorpe Bacton, Milford
Haven and the Isle of Grain. Gas delivered by pipeline mainly comes from Norway, Holland and Belgium. The
British market is connected to Continental Europe through the Interconnector gas pipeline and the BalgzandBacton-Line (BBL). Furthermore, the United Kingdom has three LNG terminals, namely Milford Haven, the
Isle of Grain and Teesside which allows importing natural gas from all over the world.42
The Interconnector subsea bidirectional gas pipeline, operating since October 1998, links the United Kingdom
to the continental European gas market, where gas can flow from Bacton (UK) to Zeebrugge (Belgium) and
vice versa.43 The independent company Interconnector (UK) Limited, created in 1994, is appointed to operate,
finance and design the Interconnector gas pipeline.44 In the so-called forward flow mode or export mode, gas
flows from the UK to Belgium and the pipeline transport capacity amounts to 20 bcm/year. Conversely, when
the Interconnector is in reverse flow45, i.e. the UK imports natural gas from the European continent, the
pipeline has then a transport capacity amounting to 25.5 bcm/year.46 Third parties can access the capacities of
the pipeline, if the primary capacity of the shippers is transferred or sublet to them.47 Primary pipeline capacity
was sold in order to finance the building of the pipeline in 1998 and refers to the capacity that has been sold by
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Melling, 2010, p. 24.

41

For more information on the development and functioning of the British gas market, see Heather (2010).

42

National Grid plc. owns and operates the gas transmission system in Great Britain. Information retrieved on the 05.01.2012 from
http://www.nationalgrid.com/uk/Gas/About/How+Gas+is+Delivered/
43

The Bacton (Zeebrugge) terminal is also known as the Interconnector IBT (IZT) terminal.
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See Futyan (2006), for further information on the history of the Interconnector gas pipeline from the conception to the operation
phase.
45

The reverse flow capacity, i.e. the UK import capacity, has been increased several times. The initial project, effective as of the 1st
October 1998, foresaw an import capacity amounting to 8.5 bcm/year. The third phase of the import capacity enhancement
effective since 1st October 2007, increased the UK import capacity to 25.5 bcm/year.
46

Interconnector (UK) Limited. For further information see http://www.interconnector.com

47

According to Interconnector (UK) Limited, the shippers actually holding primary capacity rights are: BG International Ltd, BP
Gas Marketing Limited, Centrica, Conocophillips Gas & Power Europe, EDF Trading Ltd, Eni Spa, E.ON Ruhrgas AG, Essent,
GDF Suez, OAO Gazprom, RWE Supply & Trading GmbH, Statoil (UK) Limited, Total Gas & Power Limited and ZMB.
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Interconnector (UK) directly for the period until September 2018. Primary capacity can also be bought by
assignment from a Shipper holding primary capacity.48
Unlike the Interconnector gas pipeline, the BBL pipeline connecting Bacton (UK) to Balgzand (NL) allows
natural gas to flow only in one direction, namely from Balgzand (NL) to Bacton (UK). Therefore, the BBL
pipeline satisfies the United Kingdoms’ needs to import natural gas from the Netherlands. The BBL pipeline,
developed and operated by BBL Company V.O.F.49 was opened on the 1st December 2006 and approximately
has a capacity of 42 mcm a day. A market consultation from the BBL Company V.O.F. to investigate whether
a physical reverse flow capacity was demanded had few feedback responses, indicating that the market is not
interested in additional imported capacity of natural gas from the UK.50
The physical trading hub of Zeebrugge is operated by Huberator SA, a subsidiary of Fluxys Europe, who
operates the Belgian natural gas transmission grid, its storage infrastructure and also the Zeebrugge LNG
terminal (where LNG from all over the world can be shipped).51 The Zeebrugge area has a throughput capacity
of 48bcm/year and is composed of three terminals: the Interconnector Zeebrugge Terminal, the Zeepipe
Terminal and the Zeebrugge LNG terminal. The Interconnector Terminal allows gas in the Fluxys network to
flow from and to the UK. Natural gas from the North Sea, Germany, Russia, Norway and British offshore
production fields is flowing to the continental European Zeebrugge hub. Gas in the Zeebrugge area can be
redelivered at any border, in order to be forwarded to the United Kingdom, Germany, the Netherlands, France,
Southern Europe or Luxembourg. In this sense, the Zeebrugge physical hub can be seen as a transit location for
gas. The Zeepipe Terminal allows Norwegian natural gas to be imported to Belgium through the Zeepipe
pipeline whose landing point is the Zeepipe Terminal in the Zeebrugge area. Finally, the Zeebrugge hub can
serve as an entry or exit point in the Fluxys system and also allows for intra hub trading, where gas remains in
the Zeebrugge area whitout being shipped.52
The Dutch Title Transfer Facility (TTF) virtual trading hub allows to trade gas that is already in the national
transmission grid. Gas enters the national grid system at one of the 50 so-called entry points and leaves the
network at one of 1100 exit points. As it is not bounded to a specific area once injected in the system, gas can
change ownership without difficulty once it is in the Dutch transmission network. The management, operation
and development of the Dutch national transmission grid is ensured by the company Gas Transport Services
B.V. (GTS) that has to guarantee the balance in its network, create and maintain a connection with other grids,
and ascertain that there is enough transport capacity in the transmission system.53 As already mentioned above,
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Interconnector (UK) Limited. Retrieved from http://www.interconnector.com/commercial/capacitytypes2.htm

49

The BBL Company V.O.F. is a joint venture in the form of a limited partnership, where Gasunie BBL B.V., E.On Ruhrgas BBL
B.V. and Fluxys BBL B.V., each hold 60%, 20% and 20%, respectively. Retrieved on the 04.01.2012 from
http://www.bblcompany.com/company/company-model
50

BBL Company, „Limited interest in physical reverse flow capacity through BBL“ (published 16.09.2011). Retrieved on the
04.01.2012 from http://www.bblcompany.com/news/news
51

For further information, see http://www.fluxys.com
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Information from the Huberator SA website. See http://www.huberator.com/

53

Information from the Gas Transport Services B. V. website. See http://www.gastransportservices.nl
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the Dutch market is linked via the BBL pipeline to the British market. The Dutch and the Belgian natural gas
markets are connected through the Zebraline, which enables UK natural gas to flow indirectly to the
Netherlands.54
The two German virtual gas trading markets, NetConnect Germany (NCG) and Gaspool (GPL) have emerged
from different cooperations of network companies. At these two trading hubs, gas within the market area of
either NCG or GPL can be traded.55
The NetConnect Germany trading hub56 was launched in October 2009 and followed the merger of the market
areas of following network companies: bayernets GmbH, Eni Gas Transport Deutschland S.p.A. (Eni D), Open
Grid Europe GmbH57, GRTgaz Deutschland GmbH and GVS Netz GmbH.58 At the time of the merger, the
high-pressure pipeline system had a length of 14’800km. At the the beginning of 2012, in addition to the 5
existing market areas, the Fluxys TENP TSP S.p.A. and Thyssengas GmbH market areas have been added to
the extended market area of NetConnect Germany.59
NetConnect Germany not only operates the market area resulting from the market area merger between the
different grid companies and the NCG virtual trading point, but it is also involved in balancing group and
control energy management activities.
In March 2009, the joint company GASPOOL was created and in October 2009 the new market area was
launched. The GASPOOL market area emerged from the merger of the market areas of 5 network operators,
namely Gasunie Deutschland Transport Services GmbH, ONTRAS-VNG Gastransport GmbH, WINGAS
TRANSPORT GmbH & Co. KG, StatoilHydro Deutschland GmbH60 and DONG Energy Pipelines GmbH.61
As of the 1st October 2011, GASPOOL and Aequamus merged their respective market areas, so that about 400
gas networks will be available in the new GASPOOL market area, thus covering about the half of the German
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IEA, 2008, p. 48.
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For more information on the regulation and development of the German gas market see Lohmann (2009) and Lohmann (2006).
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Formerly, the market area of NetConnect Germany was established by bayernets GmbH and E.ON Gastransport Deutschland in
October 2008. See NetConnect Germany GmbH Co. KG, “Press Release about establishment of NetConnect Germany”
(published 03.09.2008). Retrieved on the 04.01.2012 from http://www.net-connect-germany.de/cps/rde/xchg/
SID-24BFEBE5-4E97BCF8/ncg/hs.xsl/799.htm
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E.ON Gastransport GmbH was renamed to Open Grid Europe GmbH as of 1st September 2010. Retrieved from Open Grid
Europe GmbH, “E.ON Gastransport has a new name: Open Grid Europe” (published 06.09.2010), on the 04.01.2012 from
http://www.open-grid-europe.com/cps/rde/xchg/SID-C6E6170A-63540A9F/open-grid-europe-internet/hs.xsl/
2557.htm?NewsGuid=2F868EB5-C494-40A4-9CA2-BC3CD276E68F
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NetConnect Germany GmbH Co. KG, “bayernets, Eni Gas Transport Deutschland S.p.A. (Eni D), E.ON Gastransport, GRTgaz
Deutschland and GVS Netz merge their market areas“ (published: 26.08.2009). Retrieved on the 04.01.2012 from
http://www.net-connect-germany.de/cps/rde/xchg/SID-24BFEBE5-4E97BCF8/ncg/hs.xsl/799.htm
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Fluxys TENP TSP S.p.A provides transportation services on the TENP pipeline system. Information retrieved from NetConnect
Germany GmbH Co. KG, Company profile, on the 04.01.2012 from http://www.net-connect-germany.de/cps/rde/xchg/
SID-9BA3787C-23F12DA9/ncg/hs.xsl/804.htm
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StatoilHydro Deutschland GmbH is now Statoil Deutschland Transport GmbH. Retrieved on the 04.02.2012 from
http://www.statoil.de/de/NewsAndMedia/News/Pages/statoildeutschland.aspx
61

Gaspool Balancing Services GmbH, „The new market area : GASPOOL“ (published 07.05.2009) and “GASPOOL launched
successfully” (published: 01.10.2009) . Retrieved on the 04.01.2012 from http://www.gaspool.de/presse.html?&L=1
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natural gas market.62 The joint venture GASPOOL has the responsibility of providing the necessary balancing
services for the new extended market area. In January 2012, the market area covered by GASPOOL consists of
the market areas of the 5 aforementioned companies plus ERDGAS MÜNSTER Transport GmbH & Co. KG,
EWE NETZ GmbH.63
The French market has three virtual hubs, so-called “Point d’Échange de Gaz” with each of the hubs having its
own balancing zone. France has two transportation system operators: GRTgaz and TIGF. GRTgaz, a subsidiary
of GDF-Suez operates the PEG Nord and PEG Sud, while TIGF, a subsidiary of Total in south-western France,
operates the PEG TIGF. The balancing of each of the market areas is based on the entry-exit system, i.e. the
injections and withdrawals of natural gas in each zone have to be equal.64 For the two market areas operated by
GRTgaz the costs for imbalances are market based. If an imbalance between entry and exit arises, the network
manager offsets these either by buying or selling gas on the stock exchange or by concluding storage contracts
with storage operators. The costs incurred by the network managers are billed to the market participants.65 If a
network imbalance for the market area of TIGF arises, the shipper must purchase from or sale to the Transport
Network Operator the quantity of energy that is in excess of the tolerated imbalances.66 GRTgaz’s network has
not only pipeline connections to the Belgian, German and Swiss natural gas market to the Norwegian Gassco
network, but also several LNG terminals in the North and South-Eastern part of France allow importing gas
from broader sources such as Egypt, Nigero, Trinidad and Tobago or Libya. Finally, Spanish gas can flow into
the French network, thanks to the TIGF network which is itself connected to Spain.67

2.1.3

Natural gas exchanges in Europe

Natural gas can be either traded Over-The-Counter or on exchanges. OTC contracts have a larger flexibility
with respect to the terms agreed upon, such as volume, price, delivery period or quality of natural gas. On the
other hand, contracts bought on an exchange are standardized and market participants can trade anonymously.
The trading exchanges and the instruments available on these platforms are presented in the following subsection.
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Gaspool Balancing Services GmbH, “GASPOOL and Aequamus set to merge” (published 28.06.2011). Retrieved on the
04.01.2012 from http://www.gaspool.de/presse.html?&L=1
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Gaspool Balancing Services GmbH. See company website http://www.gaspool.de
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Powernext S.A.. Information retrieved on the 04.02.2012 from http://www.powernext.com/#sk;tp=app;n=page;f=getPage;t=
page;fp=system_name:PGF_product_background;lang=en_US;m=Products
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For more information see Garnier, P. J. for GRTgaz, „The French gas market model – A contribution to a conceptual model for
the European gas market“ (published: 28.12.2010) . Retrieved on the 04.01.2012 from http://www.grtgaz.com/fileadmin/
user_upload/Institutionnel/Documents/EN/the-french-gas-market-model.pdf
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TIGF, Transport services. Retrieved on the 04.02.2012 from http://www.tigf.fr/en/pageLibre00010653.htm
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GRTgaz, “Ten Year Development Plan for the GRTgaz Transmission Network 2011-2020 Period” [October 2011 Edition].
Retrieved on the 04.01.2012 from http://www.grtgaz.com/en/home/major-projects/plan-decennal/10-year-development/
and from http://www.powernext.com/index.php#sk;tp=app;n=page;f=getPage;t=page;fp=system_name:PGS_product_
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The APX-ENDEX trading platform, with headquarter in Amsterdam offers spot and futures market
instruments for electricity and natural gas in the United Kingdom, the Netherlands and Belgium. For the Dutch
market, APX Gas NL offers Within-Day and Day-Ahead contracts at the Title Transfer Facility. The WithinDay market can be traded 24 hours a day, 7 days a week and offers rolling 24 hours blocks. The Day-Ahead
market for the TTF offers Day, Working Days Next Week, Balance of the Week and Weekend contract.
Furthermore, secondary capacity usage rights can be traded for entry/exit at Bunde/Oude Statenzijl and
Ellund.68 Additionally, APX Gas UK offers three products that are available on the OCM platform: Title,
Physical and Locational.69 Whitin-Day and the physical “Prompt Gas products” for delivery at the NBP consist
of Day Ahead, Balance of the Week, Weekend, Working Days Next Week, Balance of the Month and Front
Month. Secondary capacity storage can also be traded on the APX Gas Storage market.70 Finally, for the
Belgian market, APX Gas ZEE offers Individual days, Balance of the Week and Working Days Next Week
instruments in the Day-Ahead market and a Within Day contract is also available, where rolling 24 hours
blocks can be traded continuously.71
Finally, ENDEX TTF Gas Market offers futures contract with delivery in the grid of the Dutch grid operator
GTS. The contracts offered are for the next 2 Working Days Next Week ahead, the 3 next Month ahead, the 4
Quarters ahead, the 6 Seasons ahead and finally 6 Calendars (years) ahead. OTC trading and clearing is also
offered for the TTF futures.72
The European Energy Exchange (EEX), based in Leipzig offers standardized spot and futures natural gas
products for the two German trading hubs, i.e. NCG and GPL, but also for the Dutch TTF. In addition, OTC
clearings are possible for the EEX derivatives. In addition to natural gas related products, the EEX offers
power, emission rights and coal products. In 2007, EEX launched natural gas products for the German market,
i.e. the BEB and E.On on Gastransport market area, which now in the course of several cooperations73 resulted
in the market areas of GASPOOL (GPL) and NetConnect Germany (NCG). In May 2011, the market area of
the Dutch TTF was added to GPL and NCG market areas. On the EEX spot market, gas is traded 24 hours a
day and 7 days a week for the three markets. Continuous trading is possible for Within-Day, Day and Weekend
contracts. On the EEX derivatives market for natural gas, only deliveries to the two German hubs are possible.
The exchange offers Balance of the Month (BoM) products, but also delivery periods for the respective six
months, seven quarter and six years for both German market areas. In addition, for the NCG market area
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APX-ENDEX, APX Gas NL website. Retrieved on the 04.01.2012 from http://www.apxendex.com/index.php?id=202
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All the three products result in the exchange of rights at the NBP trading hub. Physical and Locational products include the
obligation that gas to flow physically at either an entry or exit point of the British network. See APX-ENDEX APX Gas UK
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APX-ENDEX, APX Gas UK website. Retrieved on the 04.01.2012 from http://www.apxendex.com/index.php?id=51
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APX-ENDEX, APX Gas ZEE website. Retrieved on the 04.01.2012 from http://www.apxendex.com/index.php?id=53
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APX-ENDEX, ENDEX TTF Gas website. Retrieved on the 04.01.2012 from http://www.apxendex.com/index.php?id=273
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delivery for the next four seasons (summer and winter) can be traded.74 Starting on February 29, 2012 the EEX
will offer clearing services for bilateral transaction for NBP gas futures. The European Commodity Clearing
AG (ECC) will clear the OTC transactions and will assume full settlement of the transaction including the
physical fulfillment of the transaction.75
The IntercontinentalExchange (ICE) offers a wide range of derivative products for agricultural, credit,
currency, emissions, energy and equity index markets for the United States, Europe and Canada.76 The ICE
Futures Europe allows to trade energy related products such as coal, electricity, natural gas, crude oil and
refined products, but also Emission products. Four European natural gas markets can be traded for physical
delivery on the ICE platform: the Dutch TTF, the two German hubs GASPOOL (GPL) and NCG and the
British hub NBP. Monthly, quarterly, seasonal and yearly delivery periods can be traded on the ICE, except for
UK futures which have no yearly delivery periods. European style options on Natural gas futures for the UK
and the Netherlands, i.e. NBP and TTF can be traded.77
Finally, Powernext offers spot and futures products with delivery in one of the three French trading hubs, i.e.
PEG Nord, PEG Sud and PEG TIGF. The exchange offers Within Day, Day Ahead and Weekend contracts for
the spot market. Futures with monthly, quarterly and seasonal maturities can also be traded.78

2.1.4

Convergence of Prices on the European Continent

As illustrated in the previous section, liberalization of the gas market on the European Continent and in the
United Kingdom is relatively new. The theory of integrated markets says that if a homogenous good is supplied
by different market participants, then the price of this good should react in the same direction. In case of price
differences for the homogenous good, then these should be due to transportation costs or quality differences.79
This section focuses on price convergence of natural gas in the specific market area of Europe. Section 2.2.1
will give an overview on the actual state of research on the integration of regional markets, i.e. price
convergence for a single commodity, here natural gas, across regions.
The French, German and Belgian natural gas markets have been tested for cointegration by Asche, Osmundsen
& Tveterås (2001) using the Johansen procedure. The authors show that the gas import contract prices in these
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three markets tend to show a similar behavior over time and conclude that the French, German and Belgian are
well integrated.
Neumann, Siliverstovs & von Hirschhausen (2006) analyzed the level of integration of the European market
estimating time varying cointegration coefficients using the Kalman filter. The authors analyze spot prices for
natural gas from March 2000 until February 2005 at three trading hubs, namely Zeebrugge hub located in
Belgium, Bunde80 hub at the Dutch German border and the National Balancing Point (NBP) in the United
Kingdom. The results show converging prices for the British and Belgian markets, whereas the continental
European markets, i.e. Zeebrugge and Bunde, were not converging. For the latter, Neumann et al. (2006) argue
that this non convergence of prices can be explained through the inefficiency of the German hub (Bunde):
transmission operators have monopolistic rights on the transmission capacity, which as a consequence cannot
be used in an efficient way. Furthermore, Neumann et al. (2006) found evidence that the Interconnector
pipeline linking the British and Belgian market contributed to the convergence of prices making the LOP81
hold, as price differentials between NBP and Zeebrugge gas prices emerged when the Interconnector pipeline
was not available due to maintenance work.
Leykam (2008) extends the previous work of Neumann et al. (2006) by including the Dutch market, through
the use of daily spot prices for the Title Transfer Facility (TTF) in its cointegration analysis in market pairs.82
Furthermore, Leykam (2008) takes daily spot prices for the period between March 2005 and May 2008 and
applies the Engle-Granger two-step approach as well as the Johansen cointegration procedure to test for market
integration. The results illustrate that NBP prices only react to disequilibrium in the NBP-Zeebrugge long-run
relationship, and that Zeebrugge and NBP are the leading prices in the European gas market. The TTF and
Bunde prices follow the price movements of the two leading markets, i.e. NBP and Zeebrugge. From all the
market pairs analyzed, TTF and NBP show the weakest cointegrating relationship. Leykam (2008)
demonstrates that all the other hubs react to disequilibriums in their long-run relationship with Zeebrugge
prices, implying that a cointegrating relationship between these hubs exists. The author also assessed the impact
of the Interconnector gas pipeline shut down on the price differential between continental Europe and the
British trading hubs. The price difference between the NBP, Zeebrugge and TTF is found to increase during the
periods of maintenance where the Interconnector pipeline is shut down. Finally, Leykam (2008) concludes that
the Interconnector pipeline plays a minor role for the integration of the Belgian and Dutch markets, while it
does not affect at all the relationship between the Dutch and German markets.
Ferreira Ramos, Pimenta Carlos & Martins de Souza (2009) focus their analysis on natural gas market
integration in Europe, America and Japan. Nevertheless, the authors conducted also an analysis of NBP and
Zeebrugge prices for the period 2001-2009 using a copula approach to investigate the nature of the
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The law of one price states that homogenous goods sold in different countries should have the same price if these are sold in a
competitive market free of transportation cost or trade barriers.
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By 2006, the physical trading hub of Bunde on the Dutch/German border ceased its operations. For the period after 2006,
Leykam (2008) took prices for the virtual BEB trading hub in Germany.
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dependence.83 They show that the British and Belgian markets have been strongly moving together in extreme
periods, i.e. when extreme events occur these are translated into large deviations from long-term averages.
The German natural gas market was first investigated for integration in 2002 by Asche, Osmundsen &
Tveterås. German gas import prices from Norwegian, Russian and Dutch suppliers over the period 1990-1998
were analyzed. The authors find that the various border prices for German gas imports move proportionally
over time, indicating an integration of the market for the period between 1990 and 1998.
More recently, Growitsch, Stronzik & Nepal (2010) analyzed the German and Dutch natural gas market using
day-ahead spot prices of NetConnect Germany (NCG) and Gaspool (GPL) for Germany and the Title Transfer
Facility (TTF) for the Netherlands. In their study they cover the period between October 2007 and September
2009. The aim of their study was to investigate the efficiency of information processing and to study – pair
wise – the evolution of the market integration between the trading hubs since the introduction of an entry-exit
network pricing regime in Germany in October 2007. The results show that all the three markets have almost a
perfect price convergence, where the TTF has the role of the leading price. The results from the time-varying
coefficient model show that GPL and NCG market areas have the highest price convergence coefficient, while
being the slowest pair to move back to equilibrium. The authors interpret this result as a sign of reduced market
efficiency in term of how fast information is absorbed in the market. Since the implementation of the entry-exit
scheme in Germany, Growitsch et al. (2010) find evidence of an increasing information absorption speed for
the three market pairs. The LOP does not hold in these three markets as the price differentials are higher than
the respective transportation costs. The degree of convergence between the Dutch and German area tend to
diminish since the introduction of the new entry-exit capacity pricing scheme in Germany. For the two gas hub
GPL and NCG, the authors find a level of convergence that diminishes until the second quarter of 2009, but
after increases again to the previous level.
Micola & Bunn (2007) studied the impact of the Interconnector gas pipeline congestion connecting Bacton
(UK) to Zeebrugge (Belgium) and its role in splitting the British and Belgian spot markets.84 The authors study
the impact of the pipeline used capacity on the convergence of the prices at NBP and Zeebrugge. The pipeline
can be seen as a way to make price arbitrage between the two markets. Under the assumptions of perfect
arbitrage and availability of additional pipeline capacity, the arbitrageur will continue to trade until prices have
equalized. Prices would in this context diverge, if arbitrage through the pipeline is not possible as it would be
the case if there is no more free capacity to trade. Additionally, prices can differ, although the pipeline used
capacity is below its maximum in case of market power and/or market inefficiencies. Micola & Bunn (2007)
results suggest that the more the pipeline used capacity is near to its maximum, the more the prices between the
two markets tend to diverge. On the contrary, if there is a lot of free capacity in the Interconnector gas pipeline,
then the prices tend to converge.
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In section 2.2.1, the results of Ferreira Ramos et al. (2009) for market integration between Europe, America and Japan are
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See section 2.1.2 for the description of the Interconnector gas pipeline.
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The results of the papers presented in this section differ with respect to their conclusions on the integration of
the European natural gas market. However, one should be aware that the different findings arise due to that
there is more than one period under analysis and there are also differing econometric approaches in testing for
market integration. To summarize, all the studies presented suggest that there is a close link between the British
and Belgian natural gas markets, the two being cointegrated and thus NBP and Zeebrugge spot prices moving
closely together. Ferreira Ramos et al. (2009) using a copula approach showed the nature of the dependency
between the British and Belgian market, namely that they tend to move together in extreme periods. It also
seems that the Interconnector gas pipeline linking the British to the continental European gas market plays a
role for the integration of the two market areas. Finally, Growitsch et al. (2010) showed that the German and
Dutch markets converge and that the TTF price leads the prices at NCG and GPL.
This previous subchapters were focused on the integration of the European natural gas market. In the next
section, we describe the integration of the natural gas markets on a global scale. Focusing on Europe, the
interrelationship of natural gas with other energy commodities and the carbon dioxide market is presented.

2.2

Natural gas market dependencies

The following sub-sections aim at giving an overview on the natural gas market dependencies. The focus lies
on studies related to the European natural gas market, which is very thin unfortunately. The first sub-section
portrays the relationship between the European natural gas market, the North American and Japanese ones. The
second sub-section addresses the relationship between gas markets and other commodities such as oil and
electricity. Finally, a short introduction to the European carbon market and on the carbon price determinants is
given.

2.2.1

Cross-regional linkage of natural gas markets

Most of the papers, when investigating the cross-national relationship for natural gas prices, test whether the
natural gas market is integrated. As aforementioned in section 2.1.4., the theory of integrated market says that
(1) a homogenous good should have the same price reaction direction independently from the supplier and (2)
price differences should arise due to different quality of the same good, but also due to transportation. In the
following sub-section, we concentrate on the literature related to cross-continental natural gas market
integration.
Siliverstovs, L’Hégaret, Neumann & von Hirschhausen (2005) studied the European, North American and
Japanese natural gas markets over the period from November 1993 to March 2004 using the cointegration
technique. In the period under investigation, they found that the Japanese and European natural gas market was
integrated and still indexed to oil. For the North American market the authors found evidence of a market that
is not fully integrated. The European and North American regional gas markets were found both to be highly
integrated. Finally, Siliverstovs et al. (2005) demonstrate that the North American natural gas market is not
integrated with the European and Japanese market in the long run. In a more recent study, Neumann (2008)
investigated the European and North American natural gas spot prices for the time period between January,
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1999 and May 2008 using Kalman Filtering techniques. The results of Neumann (2008) differ from those of
Siliverstovs et al. (2005) with respect to the integration of the European and North American market, which
were found to be integrated. Neumann (2008) argues that a possible reason for these different results might be
the development of LNG trade since 2004 that made possible to redirect LNG cargoes to markets with a higher
price.
Ferreira Ramos, Pimenta Carlos & Martins de Souza (2009) investigate the natural gas market integration over
the period between April, 2001 to February, 2009 for Europe, America and Japan. The authors propose a Time
Varying Parameters Error Correction model (TVP-ECM) and a copula analysis to assess both the short run
dynamics, if any, among these three regions and their dependence. Monthly price data for the NBP, Zeebrugge
and Henry Hub for the United States was used. For Japan, a weighted average of monthly LNG selling prices
from the main supplier countries was used. This study contradicts the results of Neumann (2008), as it was
found that Japanese LNG prices do not integrate with the European and American prices. Ferreira Ramos et al.
(2009) see a possible explanation in the fact that Japanese gas prices are indexed to oil prices through long-term
contract. A long run relationship between the American and European gas market was found. The short-run
relationship was investigated using a copula approach for the pair of prices Zeebrugge-NBP, NBP-Henry Hub
and Zeebrugge-Henry Hub.85 The authors show that the British and Belgian markets, represented by NBP and
Zeebrugge prices, move strongly together in extreme periods. This result also holds for the NBP and Henry
Hub prices. However, for the pair Zeebrugge-Henry Hub, the results from the copula approach suggest that
there is no dependence in extreme market periods.
While this section focused on the relationship of natural gas markets on a more global scale, the next section
presents the interrelation of natural gas with other energy commodities,

2.2.2

Natural gas and its relationship to other energy commodities

In the first chapter, some of the most important challenges with respect to secure energy supply were depicted.
This part of the investigation has as purpose the representation of the actual state of research with respect to the
linkages between different energy commodities.
The British energy market was analyzed by Asche, Osmundsen & Sandsmark in 2006. The authors
investigated monthly wholesale prices for natural gas, electricity and oil. The analysis is conducted for two time
periods: January 1995 to June 1998 and July 1998 to December 2002. The deregulation in the UK took place
after 1995. A physical linkage to the European continent was created in 1998, when the Inconnector gas
pipeline opened. The authors showed that between 1995 and 1998, the UK energy market was highly
integrated and a single energy market existed. In this time period, the relative price of natural gas to other
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Ferreira Ramos et al. (2009) found that the best fitting copula for the price pairs Zeebrugge-NBP and NBP-Henry Hub was the tStudent copula and for the pair Zeebrugge-Henry Hub, the Frank copula was found to fit best. The t-Student copula models the
dependence at the extremes of the distribution, compared to the Gaussian copula which models independence at the extremes of
the distribution. On the other hand, the Frank copula has no sharp edges in the extremes, i.e. no dependence at the extremes of the
distribution, like the Normal copula.
23

commodities was stable and energy prices in the UK were determined in the global market, with oil being the
leading price. After the opening of the Interconnector pipeline, in the period between 1998 and 2002, no
cointegrating relationship was found between gas, oil and electricity prices.
Panagiotidis & Rutledge (2007) investigated the relationship between the UK natural gas wholesale prices and
oil prices in the UK over the period 1996-2003. They found that the price linkage between these two
commodities has become more volatile, thus suggesting a decoupling of natural gas prices from oil prices after
the deregulation of the British market. The opening of the Interconnector pipeline in 1998 did not affect the
cointegrating relationship between Brent and gas prices. Siliverstovs et al. (2005) also investigated the
relationship between European beach prices for natural gas and Brent oil prices for the1993-2004 and found a
strong evidence for a cointegrating relationship of these two commodities. Asche, Oglend & Osmundsen
(2011) also test for cointegration of monthly Brent oil and NBP gas prices over the period September, 1996 to
March, 2010. The authors find similar results with respect to the long-run behavior of Brent and NBP gas
prices: gas prices are determined in the long term by oil prices and the two commodities compete in the British
energy market and they are substitutes. They also show that large price differences between the two
commodities can arise in the short-run. These price differentials are offset as the prices move back to their
equilibrium relationship in a process that is subject to constant shocks. During the period 1996-2010, Asche et
al. (2011) found evidence that Brent oil was selling on an average premium of 96% compared to gas. A
possible explanation for the latter is seen in the lower transportation cost of oil compared to gas/LNG.
Dahl, Oglend, Osmundsen & Sikveland (2011) investigate the oil and gas market in the UK for integration.
They also test whether the Law of One Price (LOP)86 holds. The authors use weekly Brent oil price data and
weekly NBP gas prices over the period September 1996 to January 2010. The authors identified two structural
breaks in the data: the first at week 11 in 2006 and the second at week 37 in 2007. A cointegration analysis was
conducted on three subsamples each ending with the week where the structural break occurred. For the two
first subsamples, the authors find evidence for a cointegration of Brent and NBP prices, with Brent being
weakly exogenous. The LOP during these two periods hold. This result is in line with the studies of
Panagiotidis & Rutledge (2007), Asche et al. (2006, 2011). In the third subsample beginning at week 38, 2007
there is less evidence for a cointegrating relationship and the LOP not holding anymore. This suggests that in
the recent past NBP gas prices tend to move more independently from oil prices. A possible explanation for
this behavior in the NBP prices since the late 2007’s is an increased gas to gas competition and an increased
competition of gas with its substitutes for electricity generation in the United Kingdom. Finally, Dahl et al.
(2011) point out that the new relationship between oil and gas might be transitory, given that the structural
break occurring in 2007 could be related to the economic recession and to rising commodity prices. Asche et al.
(2011) for the same sample period did not find significant structural breaks in the relationship between Brent
oil and NBP gas. A possible explanation for the difference in conclusion is that Dahl et al. (2011) use weekly
data while Asche et al. (2011) analysis is based on monthly data.
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The Law of One Price (LOP), states that in a competitive market free of transportation cost or trade barriers, the price for
homogenous goods sold in different countries should be the same.
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The interrelationship between gas, electricity, coal prices and weather data has been investigated by Keppler &
Mansanet-Bataller (2010) with the aim of understanding the interplay between these three energy commodities
and carbon prices in the period from 2005 to 2008.87 Their results show that gas and coal prices react to
unexpected temperature changes, while gas shows a stronger reaction to weather changes. Electricity prices are
found to react to absolute temperature differences. Coal and gas, both being heating fuels, have a different
reaction depending on whether temperatures are above or below average. Keppler & Mansanet-Bataller (2010),
also found that the gas price drives the spot electricity price. This relation of gas to electricity spot is stronger
for peak-load spot prices. However, their results also show that even for base-load electricity prices a
relationship with gas exists, thus indicating that gas is increasingly used for base-load electricity generation.
Finally, Keppler & Mansanet-Bataller (2010) conclude that the integration between gas and electricity markets
is stronger than the integration between the coal and the electricity markets.
The studies presented in this section aimed at understanding the relation between natural gas and other energy
commodities such as oil, coal and electricity. The results of Keppler & Mansanet-Bataller (2010) acknowledge
an increasing consumption of gas for electricity generation and are confirmed by Honoré (2011).88 The trend
towards a more responsible and efficient use of the energy resources is emerging. Climate change is the key
word. It is well acknowledged that CO2 is responsible for a large part of global warming. In 2005, the European
Union created a new market based mechanism that aims at reducing the CO2 emissions, by putting a price on it.
This environmental regulation penalizes sectors that emit large amounts of CO2. In the next sub-section, the
European Union Emission Trading System is presented along with the new emerging literature investigating
the relation between gas, electricity and carbon emissions in Europe.

2.2.3

Carbon prices and their determinants

Global warming and its impact on the environment are recurring themes in our society. Under the Kyoto
Protocol several countries have made commitments to reduce their emissions. In this section, we aim at giving
a little insight in the carbon market on the European level. The price determinants of carbon determinants will
be shortly described.89
The 2003/87/EC Directive sets the rules of the EU greenhouse gas emission allowance trading scheme and was
amended several times.90 The European Union Emission Trading Scheme (EU ETS) started in January 2005
ambitioning to help the European Member states to reduce their CO2 emissions. The EU ETS allocates tradable
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regulation with respect to the quantity of allowances tradable but also introduces an EU-wide approach for the allocation of
greenhouse gas emission allowances.
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European Union Allowances which grant its holder to emit one ton of CO2.91 The EU ETS is known to be a
“cap and trade”, meaning that the total level of emissions is caped, but within that limit, the allowances in
excess can be traded. The EU ETS applies to the 27 EU Members states plus Norway, Iceland and
Liechtenstein and covers over 10’000 installations in the industrial and energy sector, which are said to be
responsible for about 40% of EU’s total greenhouse emissions and about 50% of CO2 emissions in the EU.92
The EU ETS is organized in three phases: Phase I from 1st of January 2005 to 31st December 2007; Phase II
from 1st January 2008 to 31st December 2012 and Phase III will start on 1st January 2013 until 31st December
2020. The first trading phase of EU ETS was considered a pilot phase for the second phase (2008-2012) which
coincides with the first commitments of the Kyoto protocol.93
In the first two phases, each Member State had to prepare a so-called National Allocation Plan (NAP), where a
national cap - subject to the approval of the European Commission – for the total amount of emission
allowances to be issued was determined. This fix amount of emission allowances was then allocated by each
Member State to the installations subject to the 2003/87/EC Directive.94 In the third phase, beginning in 2013,
there will be no NAPs anymore. Instead, there will be an EU-wide emission cap that will decrease along a
linear trend.95 Furthermore, under the Directive 2009/29/EC amending the 2003/87/EC Directive, power plants
will no longer receive free emission allowances; instead, the power plants will have to buy their allowances
either on the secondary market or through auction.96, 97
During Phase I, prices for EU Allowances (EUA) have collapsed in April 2006, i.e. a decrease of 54% in four
days. This crash in CO2 price is attributed to the disclosure of verified emission data for the year 2005, which
showed that the market was over-allocated or over supplied, i.e. there was too much allocated allowances
compared to actual emissions.98
Energy prices were found to be important drivers for the demand of allowances. During the first trading phase
of EUA, Mansanet-Bateller, Pardo & Valor (2007)99 showed that in 2005 the EUA prices were impacted by
changes in natural gas and brent prices. The authors also found that carbon prices were as well affected by
extreme weather changes. These price drivers were again confirmed by Alberola, Chevallier & Chèze (2008)
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who extended the sample of observations to the period between 2005 and 2007. Alberola et al. (2008) also
showed that unexpected temperature changes have a larger impact on carbon prices than has the level of
temperature per se. Both studies stress out that CO2 price changes are influenced by the fuel-switching behavior
in the electricity sector.
The causality between gas, electricity and CO2 prices during Phase I and II of the EU ETS was investigated by
Keppler & Mansanet-Bataller (2010).100 The authors use daily carbon futures and spot data as well as energy
and weather related data for the period spanning Phase I and the first year of Phase II of the EU ETS. During
Phase I and II, the authors find that the causal relationship in CO2 prices runs from the futures to the spot
market. The authors also investigated the causality between the clean spark/dark spread101 and the carbon
futures. During Phase I carbon futures prices depended primarily on the rents (profit generated through an
increasing clean spark/dark spread) in the electricity sector and on weather changes. During Phase I of the EU
ETS (2005-2007) gas and coal prices impact indirectly CO2 futures through the clean dark/spark. Furthermore,
the (Granger) causality was found to be running from CO2 futures to electricity prices. For the first year of
Phase II (2008), Keppler & Mansanet-Bataller (2010) identified a similar causality chain, with the difference
that coal is no longer at the beginning of the causality chain and that causality runs from the electricity futures
to CO2 futures prices.
In this chapter, the European natural gas trading hubs and gas exchanges were presented. Several studies
investigating the integration of the European natural gas market suggest that the development of an internal
energy market in Europe is on a good path. The dependencies of natural gas prices with oil, coal, electricity and
CO2 prices show a very rich interaction between these markets. Furthermore, the worldwide natural gas
markets being linked further increases the complexity of the seen dependencies of that energy commodity. The
ability of the power sector to switch between several fuels as input for electricity generation is likely to play an
important role in the near future. In our view the emission reduction plans of the European Union combined
with the rising reluctance towards nuclear electricity generation will foster the competition between gas and its
substitutes for electricity generation.
The following chapters focus on the behavior of natural gas spot prices in Europe. Throughout the remaining
chapters, we analyze the prices, returns and the volatility of returns for gas traded at the National Balancing
Point, Zeebrugge and the Title Transfer Facility.
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27

3

Descriptive analysis of natural gas spot prices

The purpose of this thesis is to analyze the volatility behavior of natural gas returns in the British, Belgian and
Dutch natural gas markets for the time period betweem October 2008 and January 2012. For that analysis, we
use day-ahead spot prices [spot prices] for the three trading hubs of the National Balancing Point (NBP),
Zeebrugge and the Title Transfer Facility (TTF). The sources used to construct the spot price series are given in
the first section of this chapter. In the remaining part daily spot prices and returns for each of the natural gas
markets are analyzed. In section 2 of this chapter, the daily spot prices are analyzed. A comparison of the gas
price development in the British, Belgian and Dutch market is made. We further depict the events that affected
natural gas prices during the period under review. Finally, in the last section the statistical properties of daily
returns and their squares are assessed. This last aspect provides us with useful information for the volatility
analysis that is conducted in Chapter 5.

3.1

The Data

Throughout the last chapters, we will use the daily hub reference prices (Index) for the Day Ahead Market
(DAM) published by APX-ENDEX.102 The indices names are APX Gas UK OCM103, APX Gas TTF DAM,
APX Gas ZEE DAM, for the British trading hub NBP, the TTF and Zeebrugge (ZEE), respectively.
The APX Gas DAM Index prices are published by APX-ENDEX and are also made available by Net Connect
Germany104 and National Grid plc105 provides prices for the British market. These prices in conjunction with
other reference trading point prices are published by Net Connect Germany as they represent the basket of
prices used to determine “balancing energy prices”,106 which have to be paid by the balancing group network
operator to the balancing group manager.107 The APX- ENDEX TTF and ZEE index prices are calculated as
volume weighted average price (VWAP) for all single day trades executed within a specified time period. If
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contracts for the UK hub, i.e. the National Balancing Point. Retrieved from http://www.apxendex.com/uploads/Corporate_Files/
Data_sheets/APX_GAS_UK_data_sheet_2011.pdf
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The APX Gas DAM reference prices are published on the Net Connect Germany website and can be downloaded from
http://datenservice.net-connect-germany.de/Preisgrunddaten.aspx?MandantId=Mandant_Ncg&rdeLocaleAttr=en
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National Grid plc. is the owner and operator of the National Transmission System in Great Britain, but also of the Gas
Distribution network in England. The price data was retrieved using the “Data Item Explorer” and can be retrieved from
http://marketinformation.natgrid.co.uk/gas/DataItemExplorer.aspx
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The „balancing energy prices“ are the prices paid for quantity imbalances, i.e. if the feed-in and exit quantities differ. For further
information on these compensation energy prices and their computation see http://www.gaspool.de/ausgleichsenergie.html?&L=1 ;
German Ruling Chamber 7 of the German Federal Network Agency and the “GABi Gas” ruling of 28 May 2008 (BK7-08-002)
available from http://www.bundesnetzagentur.de/cln_1912/DE/DieBundesnetzagentur/Beschlusskammern/BK7/Beschluesse/
entscheidungen_node.html?gtp=139570_list%253D3 and for the notifications on “GABi Gas” ruling see
http://www.bundesnetzagentur.de/cln_1912/DE/DieBundesnetzagentur/Beschlusskammern/BK7/GabiGasMitteilungen/
BK7GABIGasMitteilungen_NavNode.html
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APX-ENDEX, Gabi Gas and additional files related to the ruling and the reference price basket are available in English under
from http://www.apxendex.com/index.php?id=79
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there is no trade on a specific day, APX-ENDEX reports the ICIS Heren day ahead index, which is an all-day
index, for Zeebrugge and TTF.108
On the other hand, for the British trading hub NBP, “System Average Price” (SAP) prices of the APX Gas UK
OCM109 have been used to the reflect the day ahead spot market for the United Kingdom. According to the
Uniform Network Code (UK)110 SAP prices are defined as “the price in p/kWh calculated as the sum of all
market transaction charges divided by the sum of the trade nomination quantities for all market transactions
effected in respect of that day”111. Data from APX-ENDEX for the UK DAM is only available from October 8,
2011 until today. Therefore, we (re)constructed the index using SAP price data from Nation Grid plc and Net
Connect Germany. The APX Gas UK OCM index was reconstructed in the following way: for the time period
October 1, 2008 to November 7, 2008 the data stems from Net Connect Germany, for the period November 8,
2008 to October 7, 2011 the data stems from National Grid plc and for the rest of the period, we took data
published on the APX-ENDEX website.
All the price data, was standardized such that the prices under analysis are expressed in Euro per Megawatt
hour (Eur/MWh). We used a conversion factor of 29.3071 Kilowatt hours (KWh) for one therm, as prices for
Zeebrugge and NBP are quoted in pence per therm (p/therm). For the conversion of the UK Pounds Sterling
(GBP) into Euro, the European Central Banks’ (ECB) daily exchange rates were used.112
The sample period under analysis, spans the period from the October 1, 2008 to January 6, 2012 and covers the
daily index values excluding Saturdays and Sundays. Missing observations were filled by repeating the
previous value available. There were 13 missing observations for the exchange rate data. Furthermore, the
NBP, Zeebrugge and TTF time series, had 0, 46 and 19 missing observations before making the conversions
mentioned above. After filling the missing data, we have a sample of 853 observations for each of the gas time
series.
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See APX-ENDEX for the index calculation methodology.
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APX Gas UK OCM SAP prices, takes the weighted average price of ALL trades for the relevant gas day on the so called “On
the day Commodity Market” (OCM) platform.
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The Uniform Network Code (UNC) includes rules applying to all industry player with respect to balancing of the gas system,
allocating and planning of the British network The list of modifications is available from the Office of the Gas and Electricity
Markets (Ofgem) and on the Joint Office of Gas Transporters website. See: http://www.gasgovernance.co.uk/UNC or
http://www.ofgem.gov.uk/Licensing/GasCodes/UNC/Pages/UNC.aspx
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Uniform Network Code (UNC), Version 3.64 of October 1st 2011, section F 1.2.1. Retrieved from:
http://www.gasgovernance.co.uk/sites/default/files/TPD%20Section%20F%20-%20System%20Clearing,%20Balancing
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3.2

Analysis of day-ahead natural gas spot prices

In the following section, we first investigate the statistical properties of the spot price data described above. We
will refer to the APX Gas All-Day DAM index prices for Zeebrugge, Title Transfer Facility and National
Balancing Point, as spot prices for Zeebrugge, TTF and NBP, respectively. In the last part of this section, the
patterns of the NBP, Zeebrugge and TTF gas prices and the events that affected the European gas market
during the sample period are addressed.
To investigate the properties of the spot price series, the descriptive statistics of the data for the time period
between October 1, 2008 and January 6, 2012 is computed and reported in Table 3.

Table 3: Summary statistic of daily spot prices (Eur/MWh)
NBP

Zeebrugge

TTF

Mean

17.413

17.744

17.956

Median

18.286

18.853

19.096

Maximum

34.892

32.098

31.800

Minimum

3.790

6.856

7.200

Std. Dev.

5.556

5.613

5.562

Skewness

-0.174

-0.228

-0.229

Kurtosis

1.931

1.798

1.788

Jarque-Bera

44.888

58.826

59.660

Observations

853

853

853

The mean price at the TTF is the highest from the three trading hubs, amounting to 17.956 Eur/MWh. On
average, the TTF spot prices are 1.12% and 3.12% higher than Zeebrugge and NBP prices, respectively.113 The
median price is above the mean price for the three price series indicating the presence of large outliers in the
sample. Zeebrugge has the highest standard deviation with a value amounting to 5.613 Eur/MWh, being about
1% higher than for the NBP or TTF. NBP prices have the lowest volatility amounting to 5.556 Eur/MWh. The
volatility of NBP is smaller by 0.11% than the volatility at the TTF hub.
NBP prices have the lowest mean, median, volatility and minimum value. Conversely, the NBP prices have the
largest maximum price where the difference amounts to 8.7% and 9.7% compared to Zeebrugge and TTF
maximum prices, respectively. NBP also has the smallest minimum price, amounting to 3.79 Eur/MWh. The
price minimum of Zeebrugge and TTF differ by 5.02%. The minimum spot price for NBP is 44.72% (47.36%)
lower than the minimum attained for Zeebrugge (TTF) spot price series. Comparing the maximum and
minimum prices, we see that the maximum price is 368.2%, 820.6% and 341.7% higher than the minimum
paid for one Megawatt hour for Zeebrugge, NBP and TTF, respectively.

113

The mean gives the same weight to all the observations in the time series and is a measure that is heavily influenced by few
outliers. On the other hand, the median represents the middle value of the series, when the observations are arranged in an
increasing order. Through its computation, the median threats maximum and minimum values equally.
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All the three price series are negatively skewed, which translates into longer left tails. This indicates that most
of the realizations lie above the mean, thus the mass of the distribution is concentrated on the right.
The kurtosis measures the dispersion of the distribution: a value lower (higher) than 3 indicate that the
distribution is flat (peaked) compared to a normal distribution. From the summary statistics in Table 3, we can
conclude that the distribution of each of our time series is rather flat compared to normally distributed
variables. Additionally, the Jarque-Bera test rejects the null hypothesis of normally distributed spot prices for
the three trading hubs at all the significance levels114, thus comforting us with the results of the skewness and
kurtosis analysis both indicating a non-normal distribution for our spot price series.
With respect to the mean and volatility the NBP, Zeebrugge and TTF prices are similar. The values for the
skewness and kurtosis of TTF and Zeebrugge suggest a similar distribution for the two price series. The latter
indicates that prices on the European continent tend to react in a similar way to unexpected shocks in supply or
demand. On the other hand, the distribution of the NBP prices is slightly more peaked and has shorter left tails
than TTF and Zeebrugge spot prices.
In order to investigate the dependence between the three hub prices, we compute two dependence measures:
the well-known Pearson’s rho – correlation –, measuring the strength and direction of the linear relationship
between two variables and the so-called Kendall’s tau which is a non-parametric measure of statistical
dependence based on the relative ordering of ranked data. The results are given in Table 4, below:115

Table 4: Daily spot price dependence measures
Pearson’s rho
NBP

Zeebrugge

NBP

1

Zeebrugge

0.969398

1

TTF

0.968133

0.994529

Kendall’s tau
TTF

NBP

Zeebrugge

TTF

1

1

0.844258

1

0.932596

0.933161

1

The results of the statistical dependence analysis suggest a positive dependence between the price series,
independently of the method used to assess the relationship. Pearson’s rho results suggest a very strong, almost
perfect, positive linear relationship for the TTF and Zeebrugge prices. Contrarily to Pearson’s rho, Kendall’s
tau does not assume a linear relationship between two variables. The results of the latter dependence measure
suggest that the dependence among price pairs is monotone increasing. Therefore a nonlinear modeling of the
dependence structure between prices seems to be appropriate. Although the relationship between the prices at
the three trading hubs is very high, NBP prices seem to have a weaker dependence to TTF and Zeebrugge
prices than the latter two price pairs. This result is unexpected: a physical linkage between the British and the
Belgian market through the Interconnector pipeline exists; thus a larger dependency of the prices between the

114

Weiers, 2008, p. 826: The Jarque-Bera test statistic for normality has a
distribution with 2 degrees of freedom. The 1% and
5% critical values for the rejection of the null hypothesis of normality are 9.210 and 5.991 respectively.
115

Eviews 6.0, User’s Guide I, p. 390.
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two respective trading hubs was expected. The trajectories of the day-ahead spot prices116 illustrated in Figure 2
indicate that the three price series move closely together confirming the results of the dependence analysis. The
shaded lines in the figure represent the periods where the Interconnector gas pipeline was shut down for
maintenance.117

Figure 2: Daily day-ahead spot prices of natural gas (Eur/MWh)
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Usually natural gas prices in the winter months tend to be higher than in the summer. This price pattern is
visible except for the first winter months of the year 2011. The winter 2008, has been marked by very cold
temperature in Europe. The latter could explain a part of the high prices at the end of the year 2008.
Furthermore, the beginning of the sample period is marked by the rising concerns of market participants
regarding economic growth as a consequence of the crisis that began in 2007-2008. The reduced economic
activity consequently decreased the demand for natural gas coming from the industrial sector.
The gas conflict between Russia and the Ukraine which began at the end of December 2008 also had influence
on the prices for natural gas in Europe. In January 2009, Russia suspended its deliveries to Ukraine for nonpayment reason of Russian gas deliveries to the country. This suspension of gas deliveries impacted the
Western European countries, as the Ukraine is an important transit country for Russian deliveries to Europe.
Russian gas continued to flow to the European countries through the Blue Stream pipeline transiting via
Belarus and also because Gazprom extracted gas from its underground storage facilities in order to satisfy the

116

The daily spot price evolution is graphed for Zeebrugge, NBP and TTF in section 3.3., Figure 3.
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Interconnector (UK) Limited publishes the historic gas flows on a monthly and yearly basis. These were used to determine the
shutdown periods of the Interconnector gas pipeline. The “realized” maintenance periods differed from the planned maintenance
periods. Historical pipeline flows can be downloaded from http://www.interconnector.com
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European natural gas demand. The conflict terminated on the 20th of January 2009, and Russian natural gas
restarted to transit through the Ukraine to European countries.118
From February 2009 until end of September 2009 the prices for natural gas in the British, Belgian and Dutch
market declined on average by 63%. This decrease in the prices can be explained through the combination of
lower residential demand due to the end of the heating season, milder temperatures and reduced industrial
demand for gas. During the period from July to September 2009, imports of the EU for gas rose as storage
operators increased their inventory levels and replenished their storage facilities that were on low levels (due to
the gas conflict in winter 2008). In the meantime, large LNG supplies arriving to the UK combined with
constant gas flows from Norway and less consumption created a situation of oversupply in the British market
for natural gas. The large slump in NBP prices on the 21st of September 2009 from 7.95 to 3.79 Eur/MWh (52.4%) is the result of the combination of an oversupply of the UK gas market and a maintenance period for
the Interconnector pipeline. Thus gas could not flow to the European continent putting a strong downward
pressure on the gas prices.119 The slip in prices in November 2009 was due to higher than average temperatures
but also to the overall high supply environment. The fourth quarter 2009 was characterized by a well-supplied
gas market in the EU and UK, a relative mild weather in November and a fragile economic recovery, which all
put a pressure on gas prices. Colder than average temperatures during the period December 2009 until the end
of Q2 2010, several outages in Norwegian gas production and demand from storage operators contributed to a
larger demand for natural gas.
From the beginning of the year 2010, positive GDP growth rates for the European Union supported the
increase in gas consumption.120 The price increase in the second quarter of 2010 is quite unusual, as typically at
this period the temperatures tend to be higher and gas demand decreases putting so a downward pressure on gas
prices. In the second quarter, storage operators replenish their storage facilities before the pipeline maintenance
periods begin – usually in Q3. Due to several maintenance problems in Norway – continuing until Q3 2010 –,
gas flowing from Norway to the UK was limited in Q2 2010. This tightening of the gas supply impacted the
prices in Britain, Belgium and the Netherlands, as storage facilities had to be refilled before the pipeline
maintenance periods in Q3.121 The maintenance of Qatari LNG plants increased the supply pressures that
Europe faced in the first half of July 2010 driving prices up and even driving market participants to withdraw
gas from storage facilities in order to meet demand. The price drop observed in the second half of July is the
result of the Qatari LNG plant restarting its production. Prices in Q3 2010, were relatively stable, while NBP
prices slumped during the Interconnector gas pipeline maintenance as the oversupplied UK gas market could
not export its excess gas to the European continent.122 The prices by the end of year 2010 were back on the
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levels seen at the beginning of 2009, before the large slump in prices began. On average Natural gas prices
increased by 24.8% in December 2010 compared to average prices in November 2010. This increase was
mainly driven by weather and by a sustained economic recovery in Europe.
Consumption in the European Union during the first half year 2011 fell by 7% compared to the first half year
2010. This drop in demand was not exclusively due to weather conditions. It is the combination of large gas
supplies and high storage levels that triggered the demand behavior in that period.123 Q1 2011 was marked by
political unrest in the Middle East and North Africa and the Tsunami that hit Japan on the 11th of March 2011.
After the news of the Tsunami on the 11th of March, prices at the three hubs increased on average by 9.71%
until the 17th of that month. From an average price for NBP, Zeebrugge and TTF of 24.33 Eur/MWh as of end
of December 2010, prices fell by 6.72% to 22.69 Eur/MWh per end of March 2011. The political unrest in the
Middle East put a question mark on the future supplies of natural gas to Europe as Libyan gas was not flowing
anymore. In addition, the Tsunami was believed to affect the LNG supplies of Europe, as cargoes could easily
be redirected to Japan. The expectation of a shortfall in LNG supply did not come about, as Japan didn’t have
enough available gas fired power plant capacity to absorb large LNG volumes.124 The fear of a supply shortage
due to these two events was rapidly vanished as imports from the Middle-East and North Africa as heavily
impacted than expected.125 In the second quarter 2011, prices were relatively stable and Germanys’
announcement in May 2011 of reducing and ending its nuclear capacity until 2022 did not cause major
movements in gas prices. Since the second half year of 2011, the fears of the Greek debt crisis spilling over to
other European countries, fears of falling back into recession coupled with relatively mild weather conditions in
Europe were the main drivers behind natural gas price development.
The analysis of the natural gas prices and also of their development between October 2008 and the beginning
of the year 2012 showed that the economic recession in Europe, oversupply of natural gas and unusually cold
temperature were the main drivers behind natural gas prices. The year 2011 was rich of events: political unrest
in the Middle-East and in North Africa, the Tsunami of March 2011 in Japan and the trend away from nuclear
energy marked the year. The large reliance of the European Union on imports for natural gas makes the
continent vulnerable to events in the exporting countries. The LNG market is growing fast and is a good
alternative to pipeline gas as it allows diversifying the exposure to the sources of supply.
The next section analyses the daily returns of the NBP, Zeebrugge and TTF gas prices. Besides the analysis of
the statistical properties of the returns, the next section puts the basis for our econometric analysis of the
volatility process of our returns.
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3.3

Stylized facts of natural gas spot returns

This section analyzes the natural gas spot returns for the day-ahead prices for the British, Belgian and Dutch
market for the time period between October 1, 2008 and January 6, 2012. We apply the log transformation to
the spot prices of NBP, Zeebrugge and TTF, so that the first log differences can be interpreted as daily log
returns. Table 5 and Figure 3 summarize the results of the analysis of natural gas spot returns. In a second step,
the behavior of the squared and absolute returns are analyzed giving us further insight on the properties of the
daily returns.

Table 5: Descriptive statistics for the daily spot log returns
NBP

Zeebrugge

TTF

Mean

-0.000266

-0.000206

-0.000396

Median

0.000251

0

0.000432

Maximum

0.700644

0.391161

0.227345

Minimum

-0.741873

-0.229104

-0.250802

Std. Dev.

0.082466

0.049244

0.042753

Skewness

-0.101597

0.348077

-0.277958

Kurtosis

21.91403

11.46132

8.909612

Jarque-Bera

12701.26

2558.789

1250.756

Observations

852

852

852

The mean daily return for all the three price series is negative, but close to zero. The daily volatility of the
returns amounts to 4.9%, 8.2% and 4.3% for Zeebrugge, NBP and TTF, respectively. The maximum one day
return of 70.0% is attributable to the NBP, while Zeebrugge is the second with a maximum day return of 39.1%
and finally TTF with 22.7%. For the maximum price decrease in one day, once more the NBP has the largest
value of -74.2% followed by the TTF with -25% and finally Zeebrugge with -23.0%.
The distribution of the log returns has a large kurtosis indicating a more peaked distribution but also fatter tails
compared to the normal distribution. The latter suggests a concentration of the daily returns in few values.
Furthermore, the skewness of Zeebrugge is positive, indicating long right tails: the mass of the distribution is
concentrated on the left. On the other hand, the TTF and NBP returns have a negative skew: the distribution
exhibits long right tails. The kurtosis and the skewness indicate a non-normal distribution of the daily returns.
Part of the non-normality observed in the daily spot returns can be explained by large outliers that can be
attributed to events such as those mentioned in the previous section, i.e. the Ukrainian Russian gas conflict in
2009 or maintenance of the Interconnector gas pipeline combined with an oversupply in the UK. The results of
the Jarque-Bera test and the Quantile-to-Quantile plot (QQ-plot) for the return series against the Gaussian
distribution in Figure 3 confirm the non-normality of our return series.
The plots in Figure 3, on the next page, suggest that the three return series fluctuate around a mean value of
zero. Additionally, the returns series tend to exhibit tranquil periods followed by more volatile periods, known
as volatility clustering in the literature. A clear seasonal or trending pattern for these returns is not observable.
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Figure 3: NBP, Zeebrugge and TTF daily prices, log returns and QQ-plot
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In the period between October 1, 2008 and January 6, 2012, the Interconnector gas pipeline was shut down
three times126, isolating the United Kingdom from continental Europe. On September, 21 2009 one-day before
the reopening of the Interconnector the NBP daily return amounted to -74.2%127, while Zeebrugge and TTF
returns were -3.6% and -4.2%. As mentioned in the previous section, through the shutdown, the UK could not
export its excess of gas. This triggered the oversupply situation and put a downward pressure on the NBP
prices.
In order to further investigate the properties of the log returns, we compute the squared log returns and the
absolute returns of our three series. A plot of our modified series is given in Figure 4, on the next page.
The use of squared and absolute returns allows us to see whether there is a volatility clustering as both consider
the daily returns with respect to their magnitude, independently of the sign of the returns.

126

The grey shaded lines represent the periods where the Interconnector gas pipeline was shut down for maintenance.

127

The returns in this section are computed based on the logarithmic transformation of the price series. Therefore, the larger value
of the log returns for the 21st September 2009 amounting to -74.2% compared to -52.4% in the previous section is due to the fact
that the approximation of the returns by the means of the logarithmic function is good as long as the changes are small.
36

Figure 4: NBP, Zeebrugge and TTF daily squared and absolute returns
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The impact of the Interconnector gas pipeline maintenance in 2009 is observable from the plots above. The gas
conflict between the Ukraine and Russia in December 2008 through mid-January 2009 had the largest effect on
the NBP (absolute) returns. The TTF returns also reacted to the shortage of Russian gas, but to a less important
extend compared to NBP and Zeebrugge. In general, it can be seen that NBP prices are subject to larger
absolute and squared returns suggesting a stronger reaction of NBP to market shocks. On the other hand,
Zeebrugge and TTF react to the same events in a dampened way compared to NBP. Overall, it can be said, that
NBP prices are more volatile compared to the two other continental hubs.
As it can be seen from the absolute and squared returns plots, since January 2010 large return deviations occur
less frequently. We can further infer from Figure 4 that there are volatility clusters and that shocks in one
market not only impact the returns of the market that is directly exposed, but also the two other markets.
In this chapter the natural gas prices and returns for the British (NBP), Belgian (Zeebrugge) and Dutch (TTF)
were analyzed. Over the period October 1, 2008 to January 6, 2012 gas prices were affected by several events
that impacted the demand as well as the supply of natural gas in Europe. On the demand side, the most
important factor that can be named is the economic downturn since less economic activity in the industry
implies less need for power or heating. On the supply side, it can be noted that in 2010 an increased LNG
volume was available in Europe. Additionally, the gas conflict between the Ukraine and Russia coupled with a
cold winter lead to higher and more volatile gas prices/returns for the period between December, 2008 and
January, 2009.
Finally, our analysis of the daily natural gas prices and returns showed that the returns as well as the prices
were not normally distributed. The daily returns for the period under analysis fluctuate around a mean value of
zero for the daily returns. Furthermore, periods of high volatility followed by periods with less volatility have
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been identified. All these features show us that a simple Autoregressive Moving Average (ARMA)128 model is
not good enough to capture the stylized facts of returns mentioned before. An ARMA model assumes a linear
dependence structure between the variables in the model and the error term which is assumed to be a strong
white noise129.130 In other words, an ARMA assumes that the current observation depends on its past p
observations and on the current and past q innovations. In addition, this type of model requires that the time
series to be modeled are weakly stationary131, i.e. the mean and autocovariance functions are time independent.
If the stationary property is satisfied this implies that the mean fluctuates around a mean value and that the
series has a mean-reverting property, i.e. if the series deviates from its mean value it will return to it. And
finally, stationarity implies that the autocovariances and so also the volatility of the observations is constant
over time. Using a pure ARMA to model the spot returns would not allow to take into-account the time-varying
nature of the volatility of our returns. A widely used approach for heteroskedastic time series requires the use of
a so-called Generalized Autoregressive Conditional Heteroskedastic GARCH (p, q) processes. The next chapter
introduces this class of conditional volatility models. Finally, in Chapter 5 we will model the volatility process
of our return series.

128

An Autoregressive Moving Average of order (p,q). An ARMA(p,q) model is composed of an Autoregressive part of order p
AR(p) and a Moving Average part of order q MA(q). These models are also known as Box-Jenkins models. For further details, see
Enders, 2010, pp. 49-120 and Tsay, 2010, pp.29-108.
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We choose to take the definition of Francq & Zakoïan (2010) for the differentiation between weak and strong white noise. The
process ( ) is a weak white noise if for some positive constant
we have: ( )
and ( )
,
and
(
)
. No independence assumption is made on , which are only uncorrelated. On the other
hand a strong white noise is obtained, when requiring that and
are independent and identically distributed.
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Tsay, 2010, p. 66. Tsay, 2010, p. 36 defines a white noise series, as being a sequence of independently and identically
distributed random variables with finite mean and variance, i.e. a strong white noise.
The process { } is said to be second-order (weakly) stationary if it fulfills following properties: (
(
)
( ),
and for the autocovariance function (ACVF) at lag it holds:
( ))(
(
))]. See Francq & Zakoïan, 2010, p. 2.
[(

131

)

and ( )
( )
, where
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4

Conditional Volatility Models

In this section, we focus on Generalized Autoregressive Conditional Heteroskedastic (GARCH) models that
found a bright application in the financial market literature as well as in the energy related literature. The
strength of these models is that they enable to capture stylized facts of natural gas returns, such as volatility
clusters and non-constant volatility. The underlying concept in the GARCH models and extensions is the
conditional variance: the variance of the process is conditional on the past. In the following section we
introduce univariate GARCH models and two extensions of it that allow taking into account asymmetric effects
for the conditional variance. These asymmetric models allow to model the so-called leverage effect, i.e.
negative returns increase volatility more than positive returns. Finally, three multivariate GARCH models will
be presented: the Constant Conditional Correlation (CCC) model, the Dynamic Conditional Correlation (DCC)
model and the Baba, Engle, Kraft and Kroner (BEKK) model. A multivariate framework allows to take into
account the possibility of correlated contemporaneous shocks between the different variables modeled, but also
to study the volatility spillovers across returns.

4.1

The GARCH process

In the following sub-sections, we will present the general set-up of conditionally heteroskedastic processes,
where the volatility is defined as a deterministic function of past innovations and volatilities. Three
specifications for the volatility function will be described: first the Generalized Autoregressive Conditional
Heteroskedastic GARCH, then the Threshold GARCH (TGARCH) and finally Exponential GARCH (EGARCH)
specification. The last two specifications allow for asymmetric impact of past innovations on the conditional
variance.

4.1.1

The general GARCH(p,q) process

Widely used linear time series models, such as ARMA132 models are required to be covariance-stationary. The
latter implies that the series has a finite and time independent mean and the covariances are also time
independent.133 In 1982 Engle introduced Autoregressive Conditional Heteroskedastic ARCH(q) models,
which allow the conditional variances to be time dependent while the unconditional first and second order
moments are stationary. The conditional variance134 is then modeled as a linear function of the past q squared
innovations135. In that sense, the conditional variance of an ARCH process is dependent on the past realizations

132

An Autoregressive Moving Average of order (r,s). An ARMA(r,s) model is composed of an Autoregressive part of order r
AR(r) and a Moving Average part of order s MA(s). These models are also known as Box-Jenkins models. ARMA models are used
to model linear dependences between the dependent variable and its own lags up to order r AR(r) and on past s random errors
MA(s). For further details, see Enders, 2010, pp. 49-120. We choose to define the AR and MA orders of an ARMA as r and s,
respectively, in order to differentiate the ARMA orders from the GARCH orders p and q.
133

For a definition of stationarity see Enders, 2010, p. 53-54.

134

In the literature, the conditional variance is also called the heteroskedastic variance.

135

In the literature, the innovations of a process are also called residuals, error terms or disturbances.
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of the process itself, thus an ARCH process is a non-independent white noise.136 Bollerslev (1986), generalized
the ARCH model of Engle (1982) and introduced the Generalized Autoregressive Conditional Heteroskedastic
GARCH(p,q) model that allows for autoregressive and moving-average components, of order p and q,
respectively, in the heteroskedastic variance equation

137.

GARCH(p,q) models are typically defined through the following system of equations:138
( )

(4.1)
(4.2)

∑
where
( |

∑

(4.3)

( ) is the expectation conditional on information available at time
), where

is the -field generated by the past of

139

.

, which is equivalent to

{ } is an i.i.d. series with distribution ,

with expectation zero and unit variance.140 Finally, in order to have almost surely
necessary condition is:
least one

with

for

,

for

and

, the sufficient but not
. In order to be identified, at

141

must be different from zero.

Equation (4.1) is the so-called mean equation and models the conditional mean of the data. It can be defined as
a constant or a low order stationary ARMA(p,q) model that captures the autocorrelation in the data.
Furthermore, the white noise ( ) in (4.1) is defined through the equations (4.2) and (4.3), i.e. is a GARCH
white noise.142 Equation (4.3) is the so-called (heteroskedastic) variance equation and characterizes the
volatility process, here a GARCH(p,q). We can change the specification for equation (4.3) in order to allow for
an asymmetric impact of shocks on the conditional variance equation, e.g. Exponential GARCH (EGARCH) or
Threshold GARCH (TGARCH). These models are presented in the next sub-sections.
In equation (4.3) if p = 0, then the GARCH(p = 0, q), reduces to the ARCH(q) model. However, an ARCH(q)
for modeling financial time series is not adequate, as a large number of past innovations have to be included in
order to have a good fit, which in turn is unsatisfactory as too many parameters would have to be estimated.143

136

Li, Ling & McAleer, 2002, p. 252.

137

Some authors prefer to use

138

Zivot, 2008, pp. 3-5.

instead of

139

denotes the information set at time
& Hafner, 2011, p. 286.

when referring to the conditional variance process.

, which encompasses all the past realization of

until

. See Franke, Härdle

The random sequence { } is not constrained to follow a standard normal distribution. Other distributions such as the Student-t
distribution or the Generalized Error distribution can be assumed for the random variable .
140

141

Zivot, 2008, pp. 4-5; Franke et al., 2011, p. 302; Francq & Zakoïan, 2010, p. 21.

142

Zivot, 2008, p. 6; Francq & Zakoïan, 2010, pp. 94, 100.

143

Francq & Zakoïan, 2010, p. 19.
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The variable

can be interpreted as the residual of the mean equation (4.1) after filtering our data through an
’s into a stochastic and a deterministic part represented by

ARMA(p,q). Equation (4.2) decomposes the
the time-varying volatility

and

, respectively.

The real processes ( ) and ( ) are defined such that:144
is measurable with respect to a -field, denoted

;

( ) is an i.i.d. centered process with unit variance,

The formulation in (4.2) therefore implies that the sign of
realizations of

with

The random variable
( |

)

( |

)

is that of

), and

and is independent of the past

.
can be defined as the volatility of

(

and (

is independent of

|

)

( |

( |

)

(

if the first two conditional moments of

exist:145

)
|

(4.4)
)

(4.5)

Assuming that (4.4) and (4.5) exist, we have:
( )

( ) ( )

(

)

(

) ( )

making ( ) a weak white noise.146
It is also possible to specify the conditional variance equation (4.3)
GARCH(p,q) process with ( )

, then using the innovations of the process

, where ( |
∑
where

(
(

)
),

as an ARMA. Assuming that

)

, we define

147

. By substitution in (4.3), we get:

∑
(

is a

(4.6)
) if

(

) and

has mean zero and

(

)

for

.
If the process ( ) follows a GARCH(p,q), then the squared residuals ( ) can be modeled as an ARMA(r,q)
process with conditional heteroskedastic error terms

.148

144

Francq & Zakoïan, 2010, p. 11.

145

Francq & Zakoïan, 2010, p. 11.

146

For the definition of a weak white noise see footnote 129.

147

Francq & Zakoïan, 2010, p. 20; Franke et al., 2011, p. 302; Tsay, 2010, p. 132.
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In order to have a second-order stationary GARCH(p,q), following condition has to hold:
∑

∑

(4.7)
hold, then the unique strictly stationary solution149 of the GARCH(p,q) model

If condition (4.7) and

defined in (4.2) and (4.3) is a weak white noise, thus by definition the solution is also second-order stationary.
Furthermore, there is no other second-order stationary solution.150 If the stationary condition does not hold,
then the volatility process will explode and increase to infinity.
It follows from the uniqueness of the stationary solution of the GARCH(p,q), that the (unconditional) variance
of the weak white noise is given by:151
( )

( )

∑

(4.8)

∑

The constraint on the sum of GARCH coefficients in (4.7) is needed in order to insure that the unconditional
variance in (4.8) is finite, while the conditional variance

is allowed to evolve with time.152

Furthermore, as we saw in the previous chapter, the squared returns of our three series seemed to be
autocorrelated, as periods of high and low volatility succeeded each other. This empirical fact can be captured
by a GARCH model. Assuming that the fourth moment of

is finite, a GARCH is able to model the

autocorrelation in the squared process ( ) as it can be seen from equation (4.6).153
Assuming that the moment of order four exists for the GARCH(p,q) process ( ), then it holds for the
:154

autocovariances of the squares
( )

(

if

)

, then the autocovariance function of the squares is strictly positive at any lag, i.e.

( )

,

.

Finally, assuming that the fourth order moment of ( ) exists and we have a general process of the form (4.2),
then we can compute the kurtosis of the stationary marginal distribution of ( ) as:155
(

)

( (

|

))

(

)

( (

))

( ( (

|

)))

( (

))

148

Francq & Zakoïan, 2010, p. 20 ; Franke et al., 2011, pp. 302-303.

149

For the derivation of the strict stationarity condition see Francq & Zakoïan, 2010, pp. 28-37.

150

Francq & Zakoïan, 2010, p. 36.

151

Francq & Zakoïan, 2010, pp. 38, 93; Franke et al., 2011, p. 303.

152

Tsay, 2010, p. 132.

153

Francq & Zakoïan, 2010, p. 20.

154

Francq & Zakoïan, 2010, p. 50.

155

Francq & Zakoïan, 2010, p. 48; Tsay, 2010, p. 132; Franke et al., 2011, p. 304.

(4.9)
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(

with

) is the kurtosis coefficient of ( ), where

is independent of its past and the sequence ( )

is i.i.d centered. Note that the conditional moments of order

are proportional to

coefficient of the conditional distribution is constant and equal to
that the tails of the marginal distribution of

are fatter as (

and that the kurtosis

. It can be seen from kurtosis equation (4.9)
)

the smaller the squared second order moment of the distribution of

( (

)) ; or equivalently

increases

, i.e. ( ( )) .

The properties of the GARCH(p,q) have been derived in this section. Not only the stationarity conditions, but
also the properties relating to the autocorrelation of the innovations

and squared innovations

process were

presented. The strength of the GARCH model is that it allows modeling the residuals of an ARMA process as
being uncorrelated, while their squares are allowed to be correlated. This modeling approach improves the
results as a GARCH is able to reproduce the volatility clusters that are observable when modeling price return
series.
The next sub-section summarizes the properties seen in this part for a the GARCH model with lower order: the
GARCH(1,1).

4.1.2

The GARCH(1,1)

For our empirical analysis of the volatility process in Chapter 5, we use the simplest specification of the
GARCH allowing for one lag in the innovation process and one lag in the conditional variance, i.e. a
GARCH(1,1). The latter can be rewritten as:
( )

(4.1)
(4.2)
(4.10)

Where { } is an i.i.d. series with distribution , with expectation zero and unit variance. In order to ensure the
non-negativity of

, we have

( )

)
(

.

holds, then the process ( ) is a white noise, with theoretical autocorrelations

If the condition
(

and

)

for all

. If the stationarity condition is fulfilled, then the unconditional variance is

given by:
( )

( )
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Moreover, if ( )
( )

, the autocorrelation of the squares takes the following form:156

(
(

(

( )

)

( )(

)

with

))

(

)

All the autocorrelations for the squares of a GARCH(1,1) are non-negative and decrease with the lag length .
However, the decreasing feature of

( ) does not have to hold for higher order GARCH processes.

Furthermore, the decay of the autocorrelation function of the squares

( ) decays more slowly if

is

close to one. The previous sum is also referred to as a “persistence” measure, because the closer the sum of
and

is to one, the longer will be the periods of volatility clustering. If

is larger relative to the

parameter

of the lagged conditional variance, then the contemporaneous conditional volatility will react faster to a shock
.157 This can also be seen from the ARMA representation for the GARCH, see equation (4.6): a large
impacts by

the contemporaneous squared shock

if a large

was observed, then the next shock

and by

the conditional variance

. Therefore,

158

, tends also to be larger and so on.

Furthermore, the kurtosis for a GARCH(1,1) is given by:159
(
( (

(

)
(

))

where

(

(

)

) is the kurtosis coefficient of ( ). If

leptokurtic, with
assume that

)
)

Thus the tail distribution of

is normally distributed (

), then

is

is heavier than a normal distribution, even when we

is normally distributed.

The GARCH(p,q) process treats shocks to the volatility symmetrically, i.e. negative and positive innovations
have the same impact on the conditional variance. This is due to the specification of the GARCH that expresses
the contemporaneous variance as a function of the lagged squared shocks and of its own lagged variance.
Taking the squared shock implies that no differentiation is made on the sign of the shock, only the magnitude is
of importance. Several specifications have been proposed to model the asymmetric impact of positive and
negative shocks, e.g. the Exponential GARCH (EGARCH), Threshold GARCH (TGARCH), the Asymmetric
Power GARCH (APARCH), the Glosten, Jagannathan and Runkle GARCH (GJR-GARCH). In the last two subsections, we will present the Exponential GARCH and the Threshold GARCH, as these models will be used for
assessing the asymmetric response of the volatility process to positive and negative shocks.

156

Francq & Zakoïan, 2010, p. 50.

157

Hafner, 2011, p. 467.

158

Zivot, 2008, p. 7.

159

Francq & Zakoïan, 2010, p. 48.
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4.2

Asymmetric GARCH processes

The two models for asymmetry presented in this section allow a more precise modeling for the conditional
variance, as shocks depending on their sign impact the variance in a different way. We can therefore model the
volatility process taking into account the “direction” of past shocks.
As we already mentioned in the previous section, the variance equation (4.3) of the volatility process is allowed
to change specification. In this section, the Exponential GARCH and Threshold GARCH specification for the
variance equation (4.3) is represented.

4.2.1

Threshold GARCH model

The Threshold GARCH (TGARCH) was introduced by Zakoïan (1994) and Glosten, Jagannathan and Runkle
(1993), separately.
The asymmetry in the TGARCH is introduced through the specification of the conditional variance as a
function of the positive and negative parts of the past shocks.
For the conditional variance (4.3), we will use the specification of the TGARCH with the following form:160
∑

∑

∑

(4.11)

where
{

(4.12)

The threshold value here is zero. Therefore,
Using

allows us to differentiate the impact on the variance

If a positive shock occurs, i.e.
,
(

takes the value of one if a negative shock occurs and zero else.

)

depending on the sign of the shock.

, the total effect amounts to

; while when the shock is negative

takes the value one, and the total effect of the shock on the conditional variance amounts to
. Therefore, if

and is significant, this would imply that negative shocks increase the

variance more than positive shocks, indicating the existence of a leverage effect. Furthermore, the positivity of
the asymmetry parameter implies that negative shocks increase the persistence of the conditional volatility after
a negative shock. Finally, a value

implies that the impact of news (or shocks) is asymmetric.

The TGARCH model presented here also contains the standard GARCH(p,q) model with a specification given
in equation (4.3): if we assume

for all shocks, then specification (4.11) reduces to a GARCH(p,q)

without asymmetric effects.

160

Zivot, 2008, p. 18.
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4.2.2

Exponential GARCH model

Similarly to the TGARCH model in (4.11), the Exponential GARCH (EGARCH) takes the leverage effect into
account. Contrarily to the TGARCH, the EGARCH assumes that the leverage effect is exponential. The latter
specification for the variance equation models the conditional log variance of the process. Through the use of a
log specification, the EGARCH model ensures that the conditional volatility is positive.
The Exponential GARCH originally proposed by Nelson in 1991, can be specified as follows:161
(

)

∑

|

|

∑

(

)

(4.13)

From the specification given in (4.13), we see that a positive shock, i.e.
variance by to

(

Therefore the

coefficient signifies that there is an asymmetric impact of news/shocks on the conditional log

variance. If

)|

positively contributes to the log
(

|, while a negative shock contributes by

)|

| to the log variance.

it implies that negative shocks have a larger contribution than positive shocks, thus the

hypothesis of leverage effect would be accepted. Similarly, if

then positive shocks have a larger impact

on the log variance than negative events.
Finally, an EGARCH is covariance stationary if it holds ∑

.162

The EGARCH model that we will estimate using the EViews software differs from (4.13). The specification of
Nelson’s model in Eviews is given by:163
(

)

∑

|

(

)|

This estimated parameter of the intercept

∑

∑

(

)

(4.14)

will slightly differ depending on the distributional assumptions of

the error term and the order q for the ARCH term. The interpretation of the leverage effect and the contribution
of negative/positive shocks to the log variance are similar to the EGARCH in (4.13).
The next section presents the GARCH models in the multivariate framework.

161

Tsay, 2010, p. 144; Zivot, 2008, p. 17.

162

Francq & Zakoïan, 2010, pp. 247-248; Zivot, 2008, p. 18.

163

Eviews 6.0, User’s Guide II, pp. 198-199.
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4.3

Multivariate GARCH processes

The GARCH, EGARCH and TGARCH model presented in the previous sections allow the studying of the
response of the conditional volatility to past shocks in a univariate context. The specifications of the variance
equation of these three models differ with respect to the treatment of positive and negative shocks. However,
the univariate analysis only shows us, how the volatility of one series evolves with time. In this section, we are
interested in models that allow us to model the interrelationship between our return series for Zeebrugge, NBP
and TTF. For this purpose, we present three multivariate GARCH (MGARCH) models that help us to
understand how the return volatilities are related. Extending our volatility analysis to the multivariate
framework allows us to study the volatility transmission between the markets. In this sense, we are able to
investigate how a shock originating in one market is transmitted to other markets. In addition, through the
modeling of the covariance between the conditional volatilities, we can investigate if the volatility in one
market is significant for explaining the volatility of the other markets. Three models are presented in this
section: the Constant Conditional Correlation (CCC) model, the Dynamic Conditional Correlation (DCC)
model and the Baba, Engle, Kraft and Kroner (BEKK) model.164 As it was the case in the univariate
framework, the innovation sequence of our three series are the residuals of a dynamic model such as a Vector
Autoregressive VAR(p) process165 if the underlying series is stationary or a Vector Autoregressive Moving
Average VARMA(p,q).166

4.3.1

Extension of the notion of GARCH process to the multivariate case

In the multivariate framework, we consider a vector process
number of variables considered, i.e. the dimension and
variables considered. Similarly, the process
(

for each

(

) , where

denotes the

the number of observations for each of the
is required to be second-order stationary:167

)

( )
(

[(

)

)(

)]

( )

where ( ) is the autocovariance function of ( ) taking values in the
(

) and

( )

space. It holds

( )

( ).

Again, the simplest multivariate second-order stationary is a white noise process, defined as a sequence of
centered and uncorrelated variables, with time-independent covariance matrix.

164

The models presented in this chapter only represent a small fraction of all the multivariate GARCH models. See Bauwens,
Laurent & Rombouts, (2006) and Silvennoinen & Teräsvirta (2008) for a survey on multivariate GARCH models.
165

Chevallier (2012) proposed a VAR(p) for modeling the conditional mean equation in his multivariate GARCH analysis using the
CCC, DCC and BEKK specifications for the conditional variance and covariance models.
166

Francq & Zakoïan, 2010, pp. 273-275; Tsay, 2010, p. 505.

167

Francq & Zakoïan, 2010, pp. 273-274.
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The conditional mean equation can be modeled using a VAR(p) or a VARMA(p,q) linear filter which is applied
-valued process ( ) with

to the

in order to remove the autocorrelation present in the data. If ( )

is a stationary solution to the VARMA(p,q) equation, then ( ) is a white noise of dimension

with

with covariance matrix .168
As it is the case in the univariate GARCH modeling case, we can specify the MGARCH models by their first
-valued GARCH process ( ), with

two moments. A
( |

(

) must satisfy for all

:169

)

( |

)

(

|

)

The notion of a GARCH process in the multivariate case is based on the equation of the following form:
⁄

where
⁄

(4.15)

is a sequence of i.i.d.

-valued variables with zero mean and identity covariance matrix. The matrix

can be assumed to be symmetric and positive definite, or triangular or with positive diagonals. As the

conditional covariance matrix

, contains the conditional variances and covariances of

definition be symmetric and positive definite for all . Furthermore, the specification of
order to be tractable for e.g. the stationarity or existence of solution study. Finally,

, it should per

should be simple in

should be specified such

that the estimation is feasible and the dynamics of the dependence structure between the series can be captured.
Also if the multivariate GARCH process is modeled as in (4.15), then the whole past information on
, where (

involves all the other variables

is given by the variable

is the element in the

column of the covariance matrix

row and

)

(

that

). Note that

.

Now that the GARCH process ( ) is defined, we can define the CCC, DCC and BEKK specifications for the
conditional covariance equation, being the multivariate counterpart of the variance equation (4.3) in the
univariate modeling framework. These models are presented in the next sub-sections.

168

A VARMA(p,q) is basically an ARMA(p,q) model extended to the multivariate framework. The sufficient condition for the
existence of a stationary and invertible solution is similar to the univariate case, see Francq & Zakoïan, 2010, pp. 274-275. Note
that a VARMA(p, q = 0), is equivalent to the well known VAR(p) model.
169

Francq & Zakoïan, 2010, p. 275.
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4.3.2

The Constant Conditional Correlation (CCC) model

As the name Constant Conditional Correlation suggests, the conditional covariance matrix

is decomposed

into conditional standard deviations and correlation. The conditional correlation matrix in this model is
assumed to be constant.
The CCC-GARCH(p,q) process has the following specification:170
⁄

(4.15)
(4.16)
∑

∑

(4.17)

with ( ) being an i.i.d. sequence with distribution ;
both being a
shocks

vector.

. Finally,

elements of

and

and

are both a matrix of dimension

in (4.16) is defined such that

are equal to one as

In addition, equation (4.16) shows that the evolution of
and the

and

and

contains the squared

with non negative coefficients.

is the conditional correlation matrix of

time-invariant. The diagonals of

variances

vector with positive coefficients;

contains the conditional variances

The conditional covariance matrix
⁄

a

contains the diagonal

, which by construction of the CCC model is

defines the correlation of the variable

with itself.

is governed by the time evolution of conditional

elements of .

The CCC model specification for the dynamics conditional covariances relies on the following GARCH
specification:
⁄

(

⁄

)

(

∑
with

,

⁄

⁄

)

(4.18)

∑
,

(4.19)

,

Through the specification of the

,
and

and

is symmetric and positive semi-definite.

matrices containing positive coefficients and the matrix

positive semi-definite, the CCC model ensures that the conditional covariance matrix

being

is positive definite.

However, the assumption of constant correlation is far from being realistic: the model in the next section, the
Dynamic CC allows adding some dynamics to the conditional volatility.

170

Francq & Zakoïan, 2010, pp. 279-281.
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4.3.3

The Dynamic Conditional Correlation (DCC) model

The Dynamic Conditional Correlation model can be seen as generalization of the CCC model presented above,
with a modification for the conditional covariance equation. The DCC replaces the constant conditional
correlation matrix

in (4.16) with the matrix

respect to the past variables, i.e.

which is allowed to be time-varying and is measurable with

. Thus the DCC model overcomes the shortfall of the CCC model

that assumes constant conditional correlation by changing the dynamics of

in (4.20). The DCC-

GARCH(p,q) specification adding dynamics to the conditional correlation is then given by the equations (4.21)
and (4.22):171
⁄

(4.15)
(4.20)
(

)

⁄

(

)

⁄

(4.21)
(4.22)

Equation (4.21) for

based on the diagonal elements of the matrix

specified in (4.22).

to (

).
(
(

(

) can be considered as a normalization matrix, because it guarantees that

Furthermore, the matrix

√

⁄

). Additionally, the

is a correlation matrix.

is specified as a sequence of covariance matrices which is measurable with respect

is a covariance matrix. An alternative specification for (4.22) is:172
)̅

√

(4.23)
)

(4.24)

where ̅ is defined as a the unconditional covariance matrix of size
The parameters

) which is

is defined as in the CCC model, i.e. it is

the diagonal matrix containing the conditional standard deviation, i.e.
(

(

specifies the dynamics of the conditional correlation with respect to

and

of standardized residuals, i.e.

are two non negative scalars. The parameters satisfy

is positive definite and so the conditional correlation matrix

.

. Additionally,

is positive definite with diagonal elements equal

to one. Furthermore (4.23) differ from (4.22) as it takes the standardized residuals (4.24) instead of the residuals
as it is the case in (4.22). In this model, the number of parameters to be estimated amounts to

(

)(

)

.

One of the drawbacks of the DCC specification in (4.22) and (4.23) is that the parameters that should specify
the dynamics of the conditional correlation are scalars. In other words, although, the DCC introduces timevarying correlations in the volatility model, it assumes the same correlation dynamics for all the

171

Francq & Zakoïan, 2010, p. 281.

172

Franke et at., 2011, p. 328; Shutes & Niklewski, 2010, p. 17; Tsay, 2010, p. 531.
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the model. In addition, the formulation for

in (4.22) and (4.23) is similar to the GARCH(1,1) specification:

we have one autoregressive component for

, i.e.

and one lagged squared component for the shocks.

However, the impact of the squared shocks and lagged covariance
conditional variance

on the correlation

and so on the

cannot be differentiated when the latter is estimated. The following model, the BEKK,

through its specification circumvents the problems associated with the CCC and DCC model: it is not based on
the decomposition of the conditional variance

as a product of conditional correlation coefficients and

variances.

4.3.4

The BEKK model

The acronym BEKK refers to a special parameterization that guarantees the positive definiteness of the
conditional variance matrix

. This model was introduced by Baba, Engle, Kraft and Kroner (BEKK).

The BEKK-GARCH(p,q) has following specification:173
∑
where

∑

∑

∑

(4.25)

is an integer and defines the generality of the model. When
174

more problematic.

and

are square

positive definiteness of the matrix

matrices,

, provided that

stationary, if and only if the eigenvalues of ∑

, an identification of the BEKK is

is a triangular

matrix, that ensures the

is positive definite. The BEKK model is covariance

∑

∑

∑
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are less than

one in modulus.176
The BEKK model’s parameterization allows one to study the spillover effects of shocks, i.e. the model allows
the shocks of one variable to be transmitted to the other variables in the system. The elements of the conditional
variance matrix

are dependent on the squared innovations, the cross product of the innovations, and on the

conditional covariances and variances of all the variables in the system of equations. In other words, using the
BEKK specification allows seeing whether the volatility of a variable is transmitted to the other variables in the
system through its conditional variance or through its conditional covariance.
Moreover, the individual coefficients of a BEKK representation are difficult to interpret as their squares and
cross products measure the impact of the variables in the system. Another drawback is the number of
parameters that have to be estimated: in the case of an unrestricted BEKK, we have (
parameters that need to be estimated. For a trivariate BEKK-GARCH(1,1) we have
assuming

,

and

, we have a total of 24 parameters that need to be estimated. A possible alternative is to use the
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Chevallier, 2012, p. 4259; Shutes & Niklewski, 2010, p. 8; Tsay, 2010, pp. 513-516.
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Shutes & Niklewski, 2010, p. 8
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The
operator, denotes the Kronecker product of two matrices : if
where each element of the matrix
is multiplied by the matrix.
176

)

and

, then

is a (

) matrix,

Chevallier, 2012, p. 4259; Lütkepohl, 2006, pp. 565-566.
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“diagonal” BEKK, where the parameter matrices
and

and

are constrained to be diagonal. With

,

we still have 12 parameters to estimate.

This purpose of this chapter was to present some of the models that are usually encountered when modeling the
volatility of commodity prices/returns. Although the univariate GARCH models are relatively simple to
estimate, they cannot take into account the correlation between the volatilities. Conversely, multivariate
GARCH models increase the complexity of the estimation procedure as the interaction between the volatilities
and shocks of the variables in the system are modeled. From all models presented, five of them are used when
modeling the conditional volatility of natural gas returns in the next chapter.
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5

Modeling Volatility for European natural gas prices

Energy markets are highly volatile. The empirical data analysis conducted in Chapter 3, showed, volatility
clusters in the daily return series for the National Balancing Point, Zeebrugge and the Title Transfer Facility.
From the study of the squared returns of the three series under analysis, we can infer that an ARMA model with
time-varying variances is the most appropriate for modeling of the spot returns process in the univariate case.
We observed in the previous sections that large return deviation seems to occur almost simultaneously in the
three markets. In order to analyze the relationship between the NBP, Zeebrugge and TTF conditional
volatilities, we extend the volatility analysis to the multivariate case.
The first section of this chapter reviews the literature on which we base our modeling approach for the
conditional variance of natural gas returns. The focus lies on the studies investigating the volatility behavior of
gas prices/returns in Europe including those aiming at modeling the volatility spillovers across energy related
markets. The econometric approach followed for the modeling of the volatility process is presented in the
second section. Thereafter, based on the stationarity analysis and on the behavior of the Autocorrelation and
Partial Autocorrelation functions of the return series, we propose an ARMA model for the conditional mean of
the daily NBP, Zeebrugge and TTF returns. In the fourth part, three univariate conditional volatility models are
estimated and compared: the GARCH, the TGARCH and the EGARCH. Finally, the fifth part is dedicated to the
multivariate analysis and comparison of the conditional variance of the NBP, Zeebrugge and TTF returns using
the CCC and diagonal BEKK specification.

5.1

Literature Review

The focus of our study lies in the analysis of volatility for the European natural gas market.177 Previous studies
investigating the gas market in Europe were interested in the linkage between oil and gas, but also in the
convergence of gas prices on the European continent. Few studies directly investigate the volatility of natural
gas prices or returns in Europe. Bermejo-Aparicio, Moreno & Villaplana (2008) investigate the volatility and
its transmission between the British and Belgian natural gas markets using deseasonalized daily prices of NBP
and Zeebrugge for the time period between October 1999 and February 2007. The authors apply several
specification for the conditional variance: GARCH(1,1) and EGARCH(1,1) for the univariate case and for the
bivariate case a DCC and BEKK specification. Their study is innovative as it takes into account the
Interconnector gas pipeline’s used capacity as explanatory variable for the conditional variance. Also five jump
models are proposed and take into account the jump behavior of the gas prices. The jumps are considered as
Poisson processes. These jump models consider either a constant or time-varying conditional volatility
(GARCH) and the jump intensity is also either constant or stochastic. The stochastic jump intensity model
allows the jump intensity to be dependent on the Interconnector gas pipeline’s used capacity with and without

177

See Leykam, 2008, pp. 36-37 for studies relating to the US natural gas market. Le Pen & Sévi (2010) provide an overview on
modeling electricity price behavior and volatility spillovers between different power markets. See also Haugom, Westgaard,
Solibakke & Lien (2011) for the modeling and prediction of day-ahead volatility in the electricity market.
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distinction of the direction in which natural gas flows. An inverse leverage effect was found for the Zeebrugge
and NBP prices: large price increases (positive shock) raise the conditional volatility more than large price
decreases (negative shock). Their results show that the Interconnector gas pipeline has an important effect on
the conditional variance of NBP and Zeebrugge, and that the volatility transmission between the two markets
increases when more than 50% of the Interconnectors’ total capacity is used. For the period between 1999 until
2007, an increasing volatility transmission between the two markets was found. In addition, for the period of
September 2004 until February 2007 a more accentuated volatility transmission between the NBP and
Zeebrugge hubs is found and it is bidirectional. From the jump models with stochastic intensity it can be
inferred that the biggest jumps over the whole sample occur for NBP when gas was flowing from Zeebrugge to
NBP, while for Zeebrugge the jumps are larger when Belgium imports natural gas from the U.K.
Regnard & Zakoïan (2011) examine the relationship between gas spot prices at Zeebrugge, one month-ahead
Brent prices and temperature for the period 2000-2005. They propose a GARCH(1,1) model for the conditional
volatility of natural gas prices, where the specification of the variance equation depends on the temperature
level. The joint dynamics of the three variables are investigated with a Vector Error Correction Model using the
Johansen method. A cointegrating relationship between the three variables is confirmed.178 The aim of using a
VECM is to filter linear effects especially those of temperature, as this is treated in a second step as an
exogenous variable explaining the price volatilities. Zeebrugge gas prices are linearly dependent on their own
past values and on temperature. An asymmetric Constant Conditional Correlation model is estimated. The
results of the multivariate GARCH show that the volatilities of the three series are dependent on their own
lagged volatility. Cross-effects are found to be very small except in the conditional correlation matrix. To take
into account the influence of temperature, the authors allow the parameters of the GARCH model to change
depending on the temperature regime (level). For each temperature regime, the GARCH process has a different
specification. The regime change mechanism is governed by the temperature level, which per definition is
observable and exogenous.179 The model containing 5 temperature regimes for the GARCH(1,1) is preferred to
the simple GARCH(1,1) model. Finally, the authors extend their model to allow for asymmetric impacts on the
conditional variance of Zeebrugge prices. For 3 temperature regimes, Regnard & Zakoïan (2011) show that in
the low temperature regime positive shocks increase the conditional variance, while for the high temperature
regime negative shock increase the volatility of Zeebrugge prices.
Asche, Osmundsen, Sikveland. & Tveterås (2009) estimate a bivariate BEKK model using daily Brent and
NBP spot return data for the period between 1996 and 2006.180 The multivariate GARCH analysis is conducted
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The Brent prices are included in the VECM model with a lag of 91 days, reflecting the delayed impact of Brent on Zeebrugge
prices.
179

The model proposed by Regnard & Zakoïan (2011) differs from the Markov Switching Models (MSM) as the regime change is
governed by an observable variable. In the MSM, the regime switching mechanism is governed by a non-observable variance. The
model also differs from Threshold GARCH models as the regime shifts are not governed by past realizations of the endogenous
variable. See Regnard & Zakoïan, 2011, p. 1243.
180

The focus of the study lies in the volatility of NBP, Zeebrugge and TTF spot prices compared to the volatility of the long term
(oil linked) supply gas contracts. Since the long term contacts are linked to oil, the authors choose to estimate a BEKK model using
daily Brent prices as a proxy for the European supply gas contracts. Furthermore, for the European spot market, only NBP price
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for the periods 1996-2003 and 2003-2006. The year 2003 is seen as a breakpoint in the relationship between
gas spot and long-term (oil linked) gas contract prices. The results of the BEKK show that prior to 2003, shocks
in the oil (gas) market did not impact on the conditional variance of gas (oil). No volatility transmission
occurred between these two markets before the breakpoint year 2003. In the second subsample, i.e. 2003-2006,
the authors provide evidence that shocks originating in the oil market impact the conditional volatility of NBP
returns. On the contrary, shocks originating in the gas market do not impact the conditional volatility of Brent
returns. Furthermore, for the period after 2003 volatility transmission between the oil and gas market is found
to be bidirectional. Finally shocks originating in the oil market do not impact the conditional variance of oil
prices in the period after 2003. Asche et al. (2009) see a possible explanation for oil price shocks impacting the
volatility of gas prices in the limited and small available capacity of the European gas market infrastructure and
also in the increased liquidity and maturity of the natural gas spot market in Europe.
The main focus of Chevallier (2012) and Mansanet-Bataller & Soriano (2009) lies in the study of volatility
spillovers between the CO2, oil and gas markets in Europe. Both studies investigate price data spanning the
period between April 2005 and December 2008. Additionally, the two studies use for the CO2 price series daily
futures prices for the December 2008 contract. For the oil and gas data, Chevallier (2012) takes daily NYMEX
crude oil futures and for natural gas he takes daily Zeebrugge next month contract prices. Mansanet-Bataller &
Soriano (2009) use front month prices for Brent and natural gas.181 The conditional mean of the daily returns of
CO2, oil and natural gas is modeled as a VAR(1) in the two studies. Mansanet-Bataller & Soriano (2009) study
the volatility spillovers with a trivariate BEKK, while Chevallier (2012) estimates three trivariate multivariate
GARCH models, namely the CCC, DCC and the BEKK model. Mansanet-Bataller & Soriano (2009) find that
the conditional volatility of natural gas returns is affected by its own shocks and the past Brent return volatility.
On the other hand, Chevallier (2012) in the BEKK specification shows that Zeebrugge returns volatility is
impacted by the past innovations of oil and CO2 returns as well as by its own innovation. The contemporaneous
volatility of the Zeebrugge returns is only impacted by its own lagged volatility. The DCC model estimated by
Chevallier (2012) shows that the conditional correlation between oil and gas ranges between -0.3 and 0.3, while
for gas and CO2 it ranges from -0.2 to over 0.1.
Conditional volatility models have found a bright application in the financial market as well as in the
commodity market. The literature review in this section was intentionally kept small as only few studies are
concerned with modeling the conditional volatility of gas prices in Europe. Studies using multivariate GARCH
models are rather interested in the innovation and volatility spillover across different energy commodities. Only
the study of Bermejo-Aparicio et al. (2008) was found to model spillover effects within the European natural
gas market.

data is used due to a lack of availability of Zeebrugge and TTF prices before 2003. NBP spot prices are assumed to represent the
dynamics of spot gas market for Europe.
181

Mansanet-Bataller & Soriano (2009) only mention taking “the most representative prices of oil (Brent) and natural gas in
Europe. […] traded on the Intercontinental Exchange Futures” (p. 7).
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5.2

Econometric approach and methodology

An analysis of the spot prices and returns was conducted in Chapter 3 for the NBP, Zeebrugge and TTF series
for the time period from October 1, 2008 to January 6, 2012. The results showed that the distribution of the
prices as well as the returns was non-normal and had a high kurtosis. Although the (log) returns seemed to
fluctuate around a constant mean, their volatility was non-constant. Therefore, we will model our return series
as ARMA-GARCH type process, while allowing for three previously seen specifications of the conditional
volatility: GARCH, EGARCH and TGARCH.182 In order to further investigate the behavior of the volatility
process of the NBP, Zeebrugge and TTF series, we extend the analysis to the multivariate GARCH models
using the Constant Conditional Correlation model and the diagonal BEKK specification. For the mean equation
system we choose a Vector Autoregressive of order p model (VAR(p)) since our returns are stationary.183 When
modeling the conditional mean/variance, we assume that the estimated parameters are stable. This implies that
over the whole sample the mean and the variance parameters are the same, i.e. the same dynamics apply
throughout the period under analysis.
We restrict ourselves to the GARCH-type models with order p = q = 1, i.e. allowing for one lagged ARCH and
GARCH term in the conditional variance equation. In other words, our models takes into account solely one lag
for the conditional variance and one lag for the squared innovations in the variance equation.
The univariate and multivariate GARCH models mentioned above are estimated using the Maximum
Likelihood Estimation (MLE) approach that is included in the EViews 6.0 software package.
For the multivariate GARCH models, we assume that the errors are Gaussian white noise, i.e. the log likelihood
is estimated using the specification of a normal distribution. The conditional covariance matrix of our return
series is estimated using the residuals of time-varying conditional mean model.
For the univariate GARCH, EGARCH and TGARCH models, we assume a normal distribution for the
conditional distribution of the errors. Other specifications of the conditional distribution, such as the Student’s t
distribution are possible; in that case the log likelihood function changes its form.184 The log-likelihood is
maximized using the BHHH algorithm.185 On the one hand, if we assume a Gaussian conditional distribution,
when the true distribution is Gaussian, this leads to ML estimators which are consistent and efficient. On the
other hand, maximizing a Gaussian log-likelihood when the true distribution is not normal, leads to Quasi-
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See sections 4.1 and 4.2.
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A stationarity test on the log prices and first-difference log prices, i.e. log returns, is reported in the next section.
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Zivot, 2008, p. 11; Li et al., 2002, p. 249.
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Maximum Likelihood Estimates (QMLEs), that are consistent and asymptotically normal if the mean and
variance functions of the GARCH are well specified. Therefore, the QMLEs still are consistent, but lose
efficiency.186
The next section investigates more in depth the statistical properties of the NBP, Zeebrugge and TTF daily
returns. Based on this analysis, the conditional mean for the univariate models is specified. Finally, section 5.4
and 5.5 report the results of the conditional volatility models for the NBP, Zeebrugge and TTF returns in the
univariate and multivariate framework, respectively.

5.3

Model Building

The return data of NBP, Zeebrugge and TTF were already analyzed in section 3.3. We observed that the data
seemed to move around a constant mean, while the volatility seemed to be non-constant. In the first part of this
section, we test whether the daily log prices and log returns are stationary. Based on the results of the
stationarity tests we further investigate the properties of the Autocorrelation and Partial Autocorrelation
function of the daily returns and their squares. Finally, we propose a model for the time-varying conditional
mean of the NBP, Zeebrugge and TTF returns.

5.3.1

Stationarity

For the stationarity analysis of the three log price time series, two tests are used: the Augmented Dickey-Fuller
(ADF) test and the Philipps-Perron (PP) test.
Both the ADF and PP tests have as null hypothesis, that the series has a unit root, i.e. is non-stationary.
Additionally, both allow for a drift and time trends in the regression equation. The ADF and PP tests for
stationarity in log levels include: a constant, and a constant and a trend. For the first difference in log levels, we
include only a constant in the regression equation. The lags in the ADF regression equation are selected
according to Bayesian Information Criteria (BIC)187. The results are summarized in Table 6, on the next page.
The results of the stationarity analysis, suggest that the price series in logarithms are non-stationary, i.e. have a
unit root. For the NBP series in log levels with a constant and trend specification, we are able to reject the null
hypothesis that the series has a unit root at a 5% significance level, according to the PP test results.
Furthermore, the ADF and PP test on the differenced log series strongly rejects the null of a unit root.
Therefore, the log returns are stationary. This result is in line with the previous graphical analysis of the log
returns, which suggested that the returns fluctuate around a constant mean.
Since our series are integrated of order one in levels, we would model the log prices as an ARIMA(r,d,s) with d
= 1, where d denotes the integration order of the series. Consequently, because the log returns are stationary,
they are modeled as an ARMA(r,s) model.
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Zivot, 2008, p. 12; Hafner, 2011, p. 469.
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The BIC is also called the Schwarz Information Criteria (SIC) in Eviews.
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Table 6: Unit Root test for Zeebrugge, NBP and TTF log price series
Log level

First difference in log level

BIC

ADF

PP

NBP – c, t

2

-3.3807

-3.5321**

NBP – c

6

-2.0137

-2.5251

Zeebrugge – c, t

0

-2.9579

-2.8822

Zeebrugge – c

0

-2.1432

-2.0568

TTF – c, t

0

-3.0674

-3.0623

TTF – c

0

-2.1192

-2.1153

BIC

ADF

PP

5

-13.9612***

-46.1316***

0

-30.0954***

-30.2951***

0

-28.5260***

-28.5282***

Note: the significance level is indicated by the asterisks: ** means a significance on a 5% level and *** the 1% significance level. The suffix –c,t
refers to the test results with constant and trend and the suffix –c refers to the test results with a constant.

Typically, before a GARCH(p,q) is fitted, the parameters of the conditional mean are estimated. The
conditional mean specification

( ) as mentioned in Chapter 4, can take an ARMA(r,s) structure. Inference

on the parameters of the conditional mean equation depends on the distributional properties of the error term
. If

is i.i.d normal, then an estimation by Least Squares (LS) would yield parameter estimates that are

efficient. In that case the parameter estimated for the ARMA(r,s) by LS are equivalent to the MLE estimates.
However, if

is not i.i.d., i.e. there is a presence of conditional heteroskedasticity. Hence using the LS method

for estimating the mean equation parameters, would result in parameters that are no longer efficient.188
Therefore, the ARMA(r,s)-GARCH(p,q) parameters will be simultaneously estimated using the MLE method.
The next section is concerned with building an ARMA(r,s) model to the daily spot returns for NBP, Zeebrugge
and TTF based on the properties of their Autocorrelation and Partial Autocorrelation functions.

5.3.2

ARMA(r,s) model for the conditional mean

In order to get an idea on the lags to be included in our ARMA(r,s) model for the mean equation, we first
investigate the Autocorrelation (ACF) and Partial Autocorrelation (PACF) Functions of the returns (Figure 5).
In a second step the ACF of the squared return series (Figure 6) is analyzed.
Identifying an ARMA in the presence of conditional heteroskedasticity is a difficult task. The statistical package
EViews 6.0 only provides tests on the residuals that are based on the i.i.d. assumption of the white noise series,
i.e. a strong GARCH. However, the GARCH processes are dependent though uncorrelated.
On the next page, the dotted lines in Figure 5, represent the standard significance bands

√ . It should

be noted, that these significance bands are valid for strong white noise series, i.e. i.i.d. white noise. Therefore,
using these standard confidence bands could lead to the rejection of the null hypothesis of a GARCH
process.189 The same problem arises, when using the classical Ljung-Box Q-statistics on the raw returns, as it

188

Li et al., 2002, pp. 252-255; Hafner, 2011, pp. 470-471.

189

Francq & Zakoïan, 2010, pp. 94-96. The authors derive asymptotic significance bands for weak white noise process, i.e.
GARCH processes.
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tests whether the data is a realization of a strong white noise, i.e. i.i.d. white noise.190 The Ljung-Box test for
noncorrelation is not robust in the presence of conditional heteroskedasticity.191 However, the test can be used
for testing whether the squared series are white noise.192 The absence of alternative tests and confidence bands
in the EViews 6.0 software package makes the identification of the mean equation more difficult. When
analyzing the ACF and PACF, we give a larger weight to the lags whose ACF and PACF value are almost
surely outside the 95% confidence bands.
From the ACF and PACF of the log returns in Figure 5, below, we can infer that the three price series cannot
be modeled as pure AR(r) or pure MA(s) processes. If the return series were modeled as pure AR(r) processes,
then we would have a slowly decaying ACF towards zero and a PACF that cuts off at lag h = r. Similarly, for a
MA(s) model, the ACF would cut off at lag s, while the PACF would be decaying slowly to zero.193 The
behavior of the ACF and PACF suggest rather an ARMA(r,s) model for each of the return series.
For the NBP return series, Figure 5 suggest that there is a significant serial correlation at lag 1, 2 and 11 almost
surely as the ACF at these lags is outside the 95% standard confidence bands. For the other lags of the ACF, we
cannot be sure that these are significant. Furthermore, from the PACF for NBP, we can conclude that almost
surely the PACF is significantly different from zero for lag 1 and 2. This implies that NBP returns could be
modeled as an ARMA(2,2).

Figure 5: Autocorrelation and Partial Autocorrelation of spot returns
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Alternatives for the Ljung-Box Portemanteau exist. See Francq & Zakoïan, 2010, p. 97 and Zivot, 2008, p. 9.
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Enders, 2010, p. 68.
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For Zeebrugge and TTF returns, the ACF and PACF at lag 3 and 30 lie outside the confidence bands.
Additionally for Zeebrugge, lag 32 for the ACF and PACF are outside the dotted line almost surely; for the
same lag, TTF has the ACF outside these bounds. Neglecting the significant ACF and PACF at lags higher
than 10, the appropriate model could be for both return series an autoregressive component at lag 3 and one
moving average component also at lag 3.
For the squared returns, the ACF for different lags is plotted in Figure 6, below. We can infer from the ACF
behavior that the squared returns are not independent and that the hypothesis of no serial correlation can be
rejected at least for the first 5 lags. Furthermore, lag 20 seems to be significant for the ACF of NBP, Zeebrugge
and TTF. Note that lag 20 is equivalent to 4 full trading weeks, i.e. month.

Figure 6: Autocorrelation of squared spot returns
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To conclude our analysis of the returns and squared returns, we use the Ljung-Box Q-statistics to test for serial
correlation (independence). The p-values of the test are reported for up to the lags 1-5 and 10 in Table 7, below.
The p-value shows the significance of the rejection of the null hypothesis of no serial correlation up to the
tested lag.

Table 7: Ljung-Box Q-statistics for daily returns and squared daily returns (p-value)

NBP

Returns
Zeebrugge

TTF
2

NBP

Squared Returns
Zeebrugge

TTF

Q(1)

0.000

0.350

0.485

Q (1)

0.000

0.000

0.000

Q(2)

0.000

0.624

0.745

Q2(2)

0.000

0.000

0.000

2

Q(3)

0.000

0.002

0.049

Q (3)

0.000

0.000

0.000

Q(4)

0.000

0.003

0.093

Q2(4)

0.000

0.000

0.000

2

Q(5)

0.000

0.006

0.148

Q (5)

0.000

0.000

0.000

Q(10)

0.000

0.001

0.019

Q2(10)

0.000

0.000

0.000

The null hypothesis of no serial correlation can be rejected at all significance levels for all the squared return
series. Only for the NBP returns, we can reject the null up to all the lags considered at all significance levels.
For the Zeebrugge return series, the hypothesis of no serial correlation cannot be rejected up to lag 2. However,
for lags larger than 2, we can reject the null at a 1% significance level. Finally, for the TTF returns, we are not
able to reject at a 1% significance level the null of no serial correlation for all the lags considered. Therefore,
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for the TTF the Q statistic on the returns suggest that there is no autocorrelation in them. However, as we
mentioned before, uncorrelatedness does not mean independence. If the returns were independent, then for the
squared returns, we would accept the null of no serial correlation, which is not the case here.
In order to reduce the serial correlation of returns we apply an ARMA(r,s) filter of the following form:
∑
where

∑

denotes the return,

and

denote the coefficients of the autoregressive and moving average terms,

respectively. The considered lag ranges from 1 to r for the AR term and from 1 to s for the MA term.
We apply the ARMA(2,2) linear filter to the log returns of NBP. For Zeebrugge and TTF, we consider only an
AR(3) and MA(3) term for the time series regression.
In Table 8, below, the estimation results of the time series regression using OLS are reported together with the
corresponding AIC and BIC information criteria, the Q-statistics for the residuals and squared residuals and the
Jarque-Bera normality test for the residuals.

Table 8: Estimation results of ARMA model for the daily returns

c

NBP

Zeebrugge

TTF

0.000000

-0.000295

-0.000190

-0.891205***

0.237606

-0.391727***
0.390643***

0.155634**
-0.686655***
0.855738***

-0.322856

AIC

-2.268658

-3.221106

-3.474027

BIC

-2.240745

-3.204343

-3.457263

JB

8170.277

1523.692

1216.831

Q(5)

0.006

0.127

0.861

Q(10)

0.011

0.140

0.046

Q(20)

0.001

0.020

0.018

Q (5)

0.000

0.000

0.000

Q2(10)

0.000

0.000

0.000

0.000

0.000

0.000

2

2

Q (20)

Note: the significance level is indicated by the asterisks: ** means a significance on a 5% level and ***
the 1% significance level. JB denotes the values of the Jarque-Bera normality test. For the Q-statistics of
the residuals their squares (Q2), only the p-values are reported.

The results of the time series regression show that the constant is not significantly different from zero for all the
three returns series. This result is in line with the previous analysis of the daily returns in section 3.3: the mean
return of all data series is nearly zero. With respect to the NBP returns, the parameters of the AR and MA terms
are statistically significant at a 1% level, except for the MA parameter at lag 1 which is significant at a 5% level.
For Zeebrugge returns the AR and MA parameters are significant at a 1% level. However, for the TTF returns,
none of the parameters are significantly different from zero.
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All the inverse roots of the AR and MA polynomials lie inside the unit circle, indicating a stable model for the
three return series. In the Zeebrugge return model, we can observe that the inverse roots lie close to each other,
suggesting that we might have a common root problem. Furthermore, the Jarque-Bera normality test strongly
rejects the null hypothesis of normally distributed residuals.
The residuals of the regression equations exhibit less serial correlation, especially for the Zeebrugge return
series, where we cannot reject the null hypothesis of no serial correlation at a 10% level for up to 5 and 10 lags,
but for up to 20 lags the null is rejected at a 5% level. Furthermore, for the TTF series no serial correlation is
found for the first 5 lags, while for up to 10 and 20 lags the null of no serial correlation can be rejected at a 5%
level but not at a 1% level.
The p-values of the Q-statistics for the squared residuals in Table 6, reject at all levels the null hypothesis of no
serial correlation. We use the ARCH-LM test to determine whether there is autoregressive conditional
heteroskedasticity in the residuals of our three time series regression. This test is basically a Lagrange
Multiplier test, which has as null hypothesis that

is an i.i.d. white noise, while the alternative is that there are

ARCH effects. The ARCH-LM is computed from the regression of the squared residuals of the regression
equation ̂ on its own lagged values ̂

, where

is the ARCH order.194

Table 9 reports the results of the ARCH-LM test on the residuals of the return model for NBP, Zeebrugge and
TTF.

Table 9: ARCH-LM test results on the residuals of the mean equation
NBP

Zeebrugge

TTF

LM(1)

55.51761***

55.38822***

20.89510***

LM(2)

67.52513***

55.94018***

23.05568***

LM(3)

67.47348***

57.61822***

29.33961***

LM(5)

74.5979***

64.73713***

45.06136***

LM(10)

45.01683***

72.63972***

49.66834***

LM(50)

63.27521

147.9574***

96.87313***

Note: the significance level is indicated by the asterisks: ** means a significance on a 5% level and ***
the 1% significance level.

The results of the ARCH-LM tests confirm the results of the Ljung-Box test on the squared residuals: the null
hypothesis of an i.i.d. white noise is rejected at all significance levels. Only for the NBP, we cannot reject the
null hypothesis of an i.i.d. noise for up to 50 lags.
Furthermore, as we already know from section 4, a GARCH model can be represented as an ARMA model for
the squared residuals, i.e.

.195 Therefore, the ACF and PACF of the squared residuals can give us valuable

194

Hafner, 2011, p. 471.

195

See equation 4.6. This representation of the GARCH(p,q) is possible assuming a finite fourth moment for

.
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information on the orders of the GARCH(p,q) process. If

is an ARCH(q), i.e. GARCH(p = 0, q), then the

196

Similarly, the ACF gives us a hint on the order p of

theoretical PACF of

are equal to zero for lag

.

the GARCH model. Figure 7, plots the ACF and PACF of the squared residuals.

Figure 7: Autocorrelation and Partial Autocorrelation of the squared residuals
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We can see that the NBP squared residuals’ PACF values are significant for the lag h = 1, 2 and 20; for
Zeebrugge lag h = 1, 4, 6, 8, 9, 19, 20 and 22 of the PACF are significant and for TTF lags at h = 1, 3, 4, 15,
16, 20, 29, 48 and 50 of the PACF are significant. With respect to the ACF of the squared residuals, the first 6
lags and lag 20 are significant for the NBP series. The ACF of Zeebrugge for the squared residuals is
significant for the first 6 lags and h = 8, 9, 14 to 16, 19 to 23, 25 and 35. For the squared residuals of the TTF
model, we have a similar pattern for the ACF values: lags 1 to 6 are significant and lag h = 8, 10, 15, 16, 20,
23, 25, 30, 36, 40 and 50.
It is clear that a volatility model including so many parameters would not be appropriate. We can note that the
ACF lag 20 and lag 1 are significant for NBP and TTF, while for Zeebrugge lag 1 and lag 19 of the ACF of the
squared residuals are significant. On the other hand, lag 1 and 20 are significant lags for the PACF of the three
squared residual series. In Figure 5, lag 20 of the ACF and PACF of the spot returns is not significantly
different from zero, while for the squared returns it is not the case.
As we are using daily data excluding weekends, lag 20 is equivalent to four 5day trading weeks and thus lag 20
is equivalent to 1 month. The significance of lag 20 of the ACF of the squared innovations implies that the
conditional volatility one month ago (h = 20) might help to predict the conditional volatility today.

196

Franc & Zakoïan, 2010, p. 108.
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In this section we tested the stationarity of the daily log prices and log returns for the NBP, Zeebrugge and TTF
series. We found that the three log price series were integrated of order 1 and their first difference, i.e. the log
returns are stationary. Therefore, we can use a Vector Autoregressive model of order p in our multivariate
conditional volatility analysis in section 5.5, as stationarity of the data is required for a VAR(p).
Based on the analysis of the ACF and PACF of the spot returns, we estimated an ARMA(2,2) for the NBP
return series and for Zeebrugge/TTF a model with one AR and one MA term at lag 3 was estimated. We
showed that although the residuals of the Zeebrugge and TTF regression were serially uncorrelated, their
squares weren’t. For the model of the NBP returns the linear ARMA(2,2) was not able to remove the serial
correlation present in the residuals and their squares. The ARCH-LM test on the three residual series showed the
presence of autoregressive conditional heteroskedasticity. Finally, we investigated the ACF and PACF of the
squared residuals of each of the mean equation. Interestingly, it was found that lag 20 or 19 of the ACF was
significant, implying that last months’ volatility (20 trading days) might be significant in explaining today’s
conditional volatility. Lag 20 was also found to be significant for the PACF, implying that a shock one month
ago might be able to explain today’s volatility. For simplicity reason as lag 1 of the ACF and PACF are
significant for all the three squared residual series, in the next section we model the conditional volatility as a
GARCH(1,1).

5.4

Univariate volatility model

The following section estimates three GARCH-type models in a univariate modeling framework. The
symmetric GARCH(1,1) along with the two asymmetric GARCH models, namely the TGARCH(1,1) and
EGARCH(1,1) are estimated. The third part of this section compares the results of the three estimated
conditional volatility models. Finally, the limitations of our volatility study along with future research topics are
given in the last sub-section.

5.4.1

GARCH estimation of daily spot returns

From the analysis of the squared residuals of our ARMA(r,s), we can infer that least one GARCH and one
ARCH terms should be included in the variance equation. The specification of the mean equation for the NBP
returns is an ARMA(2,2) and for Zeebrugge and TTF we use an AR(3) and a MA(3) term. We refer to this
model as Model 1. We use the MLE method with conditionally normally distributed error terms. The results of
the estimation along with the Q-statistics p-values of the standardized residuals and the ARCH-LM test results
are reported in Table 10, on the next page.
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Table 10: GARCH(1,1) estimation results – Model 1
NBP

Zeebrugge

TTF

-0.001309

0.001236

-0.000276

0.985714***

-0.959442***

-0.992490***

0.954304***

0.000144***

0.000008**

0.000009***

0.557465***

0.070536***

0.090835***

0.585878***

0.925782***

0.911884***

Mean Equation
c

-1.691212***
-0.992697***

1.690561***
0.991688***

Variance Equation

1.1433

0.9963

1.002719

AIC

-2.874244

-3.587092

-3.771364

BIC

-2.829583

-3.553566

-3.737837

JB

919.9677

328.4741

763.2054

Q(5)

0.001

0.037

0.248

Q(10)

0.019

0.120

0.503

Q(20)

0.094

0.266

0.158

Q2(5)

0.145

0.666

0.739

Q (10)

0.644

0.382

0.851

Q2(20)

0.155

0.273

0.857

LM(5)

2.114001

1.595191

1.238298

LM(10)

4.175048

9.097322

4.085610

2

Note: the significance level is indicated by the asterisks: ** means a significance on a 5% level and *** the 1%
significance level. JB denotes the values of the Jarque-Bera normality test. For the Q-statistics of the residuals
their squares (Q2), only the p-values are reported.

The MLE parameter estimates for the mean equation differ from those estimated in section 5.3.2 using the OLS
approach. Thus, when estimating the conditional mean simultaneously with the conditional variance, the
parameters of the conditional mean changed. As a result, the contributions of the AR and MA terms cannot be
differentiated anymore. The latter is referred to as a common root problem and arises when the AR and MA
parameter values are close to each other.
For the variance equations it can be noted that the constant, ARCH and GARCH terms are significant at all
levels. The second order stationarity condition

of the GARCH is violated for the NBP and TTF

returns. Only the volatility model of Zeebrugge is covariance stationary. The conditional variance of the three
return series is persistent, even explosive for NBP and TTF. The larger the persistence, the longer the periods of
volatility clustering will. It can also be noted, that the NBP prices react in a stronger manner to immediate
shocks as

amounts to 0.557, compared to Zeebrugge and TTF, where

equals 0.070 and 0.091

respectively. Additionally, the ARCH-LM test values and the Q-statistics of the squared residuals show, that a
GARCH(1,1) specification is ideal for our daily return series. However, lag 20 in the ACF of the squared
residuals still is significant for the NBP, for Zeebrugge lag 14 and 15 and for TTF at lag 15 and 30.
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Model 1, above, proposed based on the analysis of the ACF and PACF of the returns and squared returns is not
well specified as the model exhibits common roots. We therefore propose a second model – Model 2 – for the
mean equations. For the NBP returns, the best specification for the mean equation consists of a constant and
two AR terms, one at lag 1, the other at lag 5. For Zeebrugge and TTF returns we propose a model for the mean
equation consisting of a constant and an AR term at lag 3.
Model 2 for the NBP conditional mean equation implies a dependence of the contemporaneous return on the
returns realized the previous day and on the same day the week before. For Zeebrugge and TTF Model 2
implies a linear dependence of the contemporaneous return on the realized return 3 days before.
The results of the simultaneous estimation of the Model 2 specification of the conditional mean for NBP,
Zeebrugge and TTF and the GARCH(1,1) specification for the conditional variance using MLE are reported
below in Table 11.
Table 11: GARCH(1,1) estimation results – Model 2
NBP

Zeebrugge

TTF

-0.001034

-0.000106

-0.000136

-0.090347**

-0.093746**

0.000121***

0.000006**

0.000008***

0.544075***

0.057515***

0.087658***

0.612250***

0.938615***

0.915696***

1.156325

0.99613

1.003354

AIC

-2.870758

-3.586169

-3.766036

BIC

-2.837169

-3.558230

-3.738096

JB

1413.126

346.8617

758.6310

Mean Equation
c

-0.096245***

0.111978***
Variance Equation

Q(5)

0.319

0.339

0.869

Q(10)

0.717

0.510

0.792

Q(20)

0.493

0.668

0.511

Q2(5)

0.543

0.794

0.791

Q (10)

0.894

0.573

0.853

Q2(20)

0.058

0.407

0.905

LM(5)

2.124244

1.699237

1.704195

LM(10)

3.53822

7.69370

4.905124

2

Note: the significance level is indicated by the asterisks: ** means a significance on a 5% level and *** the 1%
significance level. JB denotes the values of the Jarque-Bera normality test. For the Q-statistics of the residuals
their squares (Q2), only the p-values are reported.
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The results in Table 11 show that a GARCH(1,1) is enough to capture the conditional volatility of the returns
given the results of the ARCH-LM and the p-values of the Q-statistics of the squared residuals. We note that
through the specification of the mean equation as an autoregressive process, the problem of common roots, as it
was the case in the previous model (i.e. Model 1), is not present anymore. The mean equation model for the
three returns series is stable, as the inverse unit roots are inside the unit circle. The constant in the mean
equation is not significant for the three return series.
The AR parameters for the NBP are all significant at a 1% level. The AR(3) terms for the TTF and Zeebrugge
equation are only significant at a 5% level. The contribution of the returns three days ago for the TTF and
Zeebrugge approximately amounts to -9%. For the NBP model, the return on the previous day negatively
impacts todays return by 9.6%, while last weeks’ return on the same day has a positive impact amounting to
11.2%.
Especially for the NBP and Zeebrugge equation the serial uncorrelatedness of the standardized residuals
improved significantly. We can also note that the p-value of the Q-statistics for the squared residuals up to 20
lags decreases for NBP and Zeebrugge compared to its value for up to 10 lags. It seems that the conditional
volatility at lag 20 for NBP and at lag 14, 15 for Zeebrugge is significant for explaining the contemporaneous
volatility.197 Given the value of the Jarque-Bera normality test, we reject the null of normally distributed
standardized residuals.
All the parameters of the variance equations are significant at a 1% level, except the constant for Zeebrugge
which is significant at a 5% level. The AIC suggests that the conditional mean specification of Model 2 is
worse than Model 1: the AIC of Model 2 for each return is larger than for Model 1. Conversely, the BIC
criteria improved in Model 2, i.e. the BIC is more negative, indicating an improvement of the model compared
to Model 1. Selecting the appropriate model for the conditional variance based on the AIC results in selecting
the model exhibiting common roots in the mean equation, i.e. Model 1.
The GARCH(1,1) with the Model 2 mean equation specification is non-stationary for NBP and TTF, as
. For Zeebrugge, the model is covariance stationary, as

. The parameter

is the

highest for NBP amounting to 0.544, while for Zeebrugge and TTF it amounts to 0.058 and 0.088, respectively.
A shock at

increases the conditional volatility at NBP more than at Zeebrugge or TTF. On the other

hand, the lagged volatility parameter

is larger for Zeebrugge and TTF amounting to 0.939 and 0.916,

respectively, while for the NBP it has a value of 0.612. Therefore, for Zeebrugge and TTF, the volatility on the
previous day impacts more the contemporaneous volatility than the shock on the previous day. However, for
the NBP the impact of both variables in the conditional variance equation is more balanced, indicating that past
shocks as well as past volatility have a large impact on todays’ volatility.
From the ARMA representation of a GARCH model (4.6) it follows, that we have a unit root in the GARCH
process. The sum of the ARCH and GARCH parameter is close and even exceeds 1 for NBP and TTF: past

197

The ACFs of the squared standardized residuals of the GARCH(1,1) with mean equation specified by Model 2 are not reported,
but are available upon request.
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is impacted by (

squared innovations are persistent and the contemporaneous squared innovation

)

. Thus if

, the next shock will be even larger than the previous one. This implies that the

GARCH process is persistent as well as explosive and that the autocorrelation of the squared innovations is not
decreasing with increasing lag.198
The next sub-section builds on the results of the GARCH(1,1): for the mean equation specification we consider
Model 2, i.e. only AR parameters are used to filter out the autocorrelation of the daily returns.

5.4.2

Asymmetric GARCH estimation

We found in the previous section that a GARCH(1,1) specification for the conditional variance is able to
remove much of the serial correlation present in the data. The GARCH is not able to distinguish between
positive and negative innovation as its specification only allows for a symmetric treatment of past shocks.
Conversely, the Asymmetric GARCH models are able to distinguish the impact of positive and negative shocks
on the conditional variance.
Following specifications for the TGARCH(1,1) and EGARCH(1,1), respectively, both with only one
asymmetry coefficients are estimated:

(

)

|

(

)|

(

)

Assuming a conditional normal distribution of the error term, we estimate the TGARCH and EGARCH
conditional variance specification with the mean equation specification of Model 2 proposed in the previous
section. The results are given in Table 12 on the next page.
The parameters of the mean equation for the TGARCH, are similar to those in the GARCH(1,1) for the three
return series. The mean equations for Zeebrugge and TTF in the EGARCH model, gives approximately 1%
more weight to the AR(3) term than the symmetric GARCH. In the EGARCH specification for the NBP, the
negative contribution of the AR(1) term in reduced by approximately 0.2% and the contribution of the return 5
days ago is reduced by 2% compared to the GARCH(1,1) in the previous sub-section.
Comparing the variance equation parameters of the TGARCH to those of the GARCH, we see that the constant
and the GARCH parameter

are very close to each other. This result is not a surprise, since the TGARCH is

basically a GARCH model, where the contributions of the squared innovations are decomposed into positive
and negative innovations. In the TGARCH model for Zeebrugge and TTF, the asymmetry parameter

is not

significant for explaining the contemporaneous conditional variance, indicating that positive and negative
shocks have the same impact, i.e. there is no asymmetric response to innovations.
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The theoretical autocorrelations of the squares of ( ) is given by
(
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(

( )

( )(
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.
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Table 12: TGARCH(1,1) and EGARCH(1,1) estimation results – Model 2
NBP

Zeebrugge

TGARCH

TTF

EGARCH

TGARCH

EGARCH

TGARCH

EGARCH

-0.000277

-0.000757

-0.000226

0.000274

-0.092416**

-0.106969***

-0.095508***

-0.101956***

-0.772893***

0.000007**

-0.156561***

0.000009***

-0.239764***

0.342948***

0.566373***

0.04743***

0.149001***

0.083013***

0.215856***

0.348747***

-0.126179***

0.020223

-0.025319**

0.013790

-0.034931**

Mean Equation
c

-0.002857

-0.002579

-0.089311***

-0.094259***

0.116634***

0.092468***

Variance Equation
0.000148***

0.619799***

0.935048***

0.938048***

0.992451***

0.913322***

0.986968***

AIC

-2.879841

-2.894574

-3.585371

-3.584256

-3.764022

-3.774692

BIC

-2.840653

-2.855386

-3.551844

-3.550729

-3.730495

-3.741165

JB

1767.708

1947.149

322.8223

314.4000

745.7644

616.4864

Q(5)

0.429

0.314

0.325

0.208

0.859

0.826

Q(10)

0.830

0.682

0.491

0.344

0.799

0.717

Q(20)

0.572

0.494

0.633

0.564

0.501

0.419

Q2(5)

0.566

0.655

0.797

0.739

0.832

0.767

Q (10)

0.925

0.958

0.608

0.545

0.861

0.482

Q2(20)

0.253

0.062

0.418

0.303

0.910

0.683

LM(5)

1.985720

1.585258

1.683578

1.995384

1.468978

1.833462

LM(10)

3.081113

2.499881

7.332531

7.793872

4.798749

8.688459

2

Note: the significance level is indicated by the asterisks: ** means a significance on a 5% level and *** the 1% significance level. JB denotes the
values of the Jarque-Bera normality test. For the Q-statistics of the residuals their squares (Q2), only the p-values are reported.

Therefore, a TGARCH specification for Zeebrugge and TTF returns does not improve the modeling of the
conditional variance. This is also reflected in the AIC and BIC values which are slightly greater than for the
GARCH.
Nevertheless, the asymmetry coefficient

of the TGARCH for the NBP series is significant and positive,

indicating that negative shocks increase the conditional volatility of the NBP returns: when
dummy variable

takes value 1, therefore

gives the contribution of a negative shock. Still, the

contribution of a positive shock in the TGARCH model for NBP amounts to
The asymmetry parameter

, the

.

in the EGARCH model is negative for the three series. The latter is significant at

a 5% level for Zeebrugge and TTF, while for the NBP the parameter is significantly different from zero at a 1%
level. The negativity of

(
since

)|

implies that if

|, while a positive innovation

, then the total effect of a negative shock amounts to
decreases the conditional volatility by (

)|

|

. Therefore a negative (positive) shock increases (decreases) the volatility of the returns.

The EGARCH specification increases the value of the parameters
absolute value of the asymmetry parameter

and

compared to the TGARCH. The

decreases for NBP EGARCH specification compared to the

TGARCH. The constant in the EGARCH is negative, but through the log specification the positivity of the
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conditional variance is ensured. Allowing for a negative level of the log volatility has impacted the significance
of

, but also the contribution of the other variables to the log volatility. Assuming a symmetric distribution of

the innovations, the persistence of the shocks to volatility amounts in the TGARCH model to

.199

This sum for the three TGARCH models is near to unity, indicating a very large persistence of the shocks. The
EGARCH specification is even more persistent as

.

Comparing the results for the serial correlation in the standardized residuals, we remark that the TGARCH is
able to remove more of the serial correlation compared to the EGARCH specification. For the squares of
Zeebrugge and TTF, the EGARCH rejects less strongly the null of no serial correlation compared to the
TGARCH conditional volatility specification. The contrary is true for the NBP volatility model except for the
test up to 20 lags, where the null of no serial correlation is rejected at a 6.2% level, while for the TGARCH
specification the rejection is at a 25.3% level.
Comparing the value of the Information criteria, the AIC and BIC suggest that the TGARCH is preferred over
the EGARCH for Zeebrugge, while for the two other return series the EGARCH is preferred. The estimated
conditional variances are compared in the next sub-section.

5.4.3

Model comparison

In the previous two sections, the symmetric GARCH and two asymmetric specifications of the conditional
variance were estimated, namely the TGARCH and the EGARCH.
The results of the estimations showed that all the models exhibit a very large persistence in the volatility
process. Furthermore, the sum of the ARCH and GARCH parameters were near to unit and even exceeded this
value, especially for the volatility model of the NBP returns. The presence of a unit root in the ARMA
representation of the squared innovations cannot be excluded, indicating an explosive and non mean-reverting
behavior of the squared innovation process. In the meantime, since the GARCH models for NBP and TTF are
not second-order stationary, the unconditional variance is infinite. The comparison of the AIC and BIC values
suggests that a GARCH(1,1) model for Zeebrugge returns is preferred, while for the NBP and TTF the
EGARCH(1,1) specification is preferred.
The estimated conditional variance is plotted in Figure 8, on the next page, for the NBP, Zeebrugge and TTF
return series. In the left panel, the conditional variance of the most preferred asymmetric specification
according to the Information criteria is plotted together with the GARCH(1,1) specification. The right panel
compares the estimated conditional variances of the TGARCH(1,1) and EGARCH(1,1) models.
Conditional variances, univariate GARCH (1,1) models comparison
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Figure 8: Conditional variances, univariate GARCH (1,1) models comparison
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In the first half of the sample (October 2008 – May 2010), large realizations for the conditional variance are
observed, while the second half can be characterized as being relatively calm. This period corresponds to the
beginning of the economic recession in Europe and also includes the period in which the gas conflict between
the Ukraine and Russia took place.200 The second half of the sample corresponds to the beginning of the
economic recovery in Europe, where GDP growth rates began to be positive.
The NBP exhibits the largest variance realizations, while it is the opposite for the TTF. Comparing the two
asymmetric conditional volatility models, we see that the estimated variance in the EGARCH and TGARCH
specification is almost the same. For large negative shocks, like in September 2009 for the NBP series, the
EGARCH estimates for the conditional variance are much higher than in the TGARCH model. The latter could
be explained through the log specification of the EGARCH model. We know that when large changes occur,
the logarithm function is not a good approximation for the change. Moreover, it seems that the same event in
September 2009 did not impact on Zeebrugge and TTF that much, as the estimates for the conditional variance
of the TGARCH and EGARCH almost match.
During the period of the gas conflict, we see that the EGARCH estimates a smaller conditional variance than
the GARCH model for the NBP series. This indicates that the shocks, i.e. returns, in this period were mostly
positive, since the EGARCH through its asymmetry parameter gives more weight to negative returns, whereas
the GARCH treats positive and negative returns symmetrically. Additionally, in the last quarter of 2008, which
is characterized by cold temperatures, we have the same pattern with respect to the variance estimates for the
NBP: GARCH estimates a higher variance than the EGARCH, indicating positive daily returns.
Finally, comparing the GARCH model with the TGARCH for Zeebrugge and the GARCH and EGARCH
specification for the TTF, we observe that the estimated variances almost match. This indicates that large
negative shocks resulting in jumps are not occurring in the TTF and Zeebrugge data, as it is the case for NBP.
The volatility analysis conducted in this sub-section shows that modeling spot returns through a simple ARMA
model is not good enough to capture the serial correlation present in the data. Allowing for time-varying
conditional variances for the returns reduces the serial correlation present in the standardized residuals of the
model. Furthermore, the simultaneous modeling of the conditional mean and variance removes the serial
correlation of the squared residuals. The serial correlation of the squares cannot be captured by an ARMA
model. The GARCH type processes allow the modeling of uncorrelated innovations while being dependent
through their squares.
The asymmetric EGARCH and TGARCH conditional volatility model did not yield the same results with
respect to the significance of the asymmetry parameter for Zeebrugge and TTF. The EGARCH specification for
our three time series model shows that negative shocks to the returns, i.e. unexpected large negative returns,
impact the volatility more than positive shocks. Unexpected negative return shocks increase the persistence of

200

See section 3.2.
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the volatility process more than positive ones. Our results differ from those of Bermejo-Aparicio et al. (2008),
who found that unexpected positive price shocks impact the volatility more than negative shocks.
For the TTF and Zeebrugge, we found that the contemporaneous volatility is heavily impacted by the realized
volatility on the day before, while past shocks are found to have only a little impact. On the other hand, NBP
volatility is impacted in a similar way by its own lagged volatility and lagged innovation. However, the models
are not stable enough, as the sum of the ARCH and GARCH parameters is near or even exceeds unity. The
presence of a unit root in the ARMA representation of a GARCH prevents the conditional variance of being
mean-reverting. Overall, the results of the conditional volatility models suggest a very large persistence in the
volatility of natural gas returns for the time period between October 2008 and January 2012.
Finally, the analysis of the Autocorrelation function of the squared residuals for the NBP showed that lag 20,
i.e. one month is significant.201 This suggests that the GARCH(1,1) model and its extensions could be enhanced
by adding the volatility one month ago as explanatory variable. If the volatility one month ago is found to be
significant for explaining the contemporaneous conditional volatility, this would imply that today’s volatility is
dependent on the realized volatility 1 and 20 trading days ago.

5.4.4

Limitations and further research

The conditional volatility models estimated in this section are not suited for forecasting as the estimated
conditional variance is highly persistent and shows a tendency to explode. Through our modeling approach, we
implicitly assumed that the same volatility dynamics apply throughout the period between October 1, 2008 and
January 6, 2012. Hillebrand (2005) notes that neglected parameter changes in the conditional volatility process
can lead to a model that exhibits high persistence in finite samples. Therefore, the high persistence found in the
volatility process for the returns of NBP, Zeebrugge and TTF could be explained by changing dynamics in the
conditional volatility. The existence of at least two different volatility regimes cannot be excluded, as the first
half of the sample is found to be more volatile than the rest of the sample. Further research on the volatility
behavior of natural gas prices/returns should therefore account for the possible existence of a structural break in
the volatility dynamics. Furthermore, as we noted in Chapter 3, the period under analysis was rich in events that
heavily influenced the demand as well as the supply of natural gas, which in turn impacted the daily returns and
their volatility. Additionally, allowing for the possibility of jumps in the conditional volatility, as BermejoAparicio et al. (2008) proposed, could enhance the forecasting ability and the stability of GARCH models.
Another modeling approach such an Integrated GARCH (IGARCH)202 or a long-memory model such as the
Fractionally Integrated GARCH (FIGARCH) 203 could improve the estimation and diminish the persistency of
the volatility process. Further investigation on the relationship between economic activity and natural gas prices
and/or volatility for the period between Q4 2008 and 2012 would allow to a better understanding of the impact
201

A similar result was found for Zeebrugge, but for lag 14 and 15, while for the TTF lag 15 was significant.
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An IGARCH is strictly stationary with infinite variance and the conditional variance is defined as a random walk with a positive
drift. See Francq & Zakoïan, 2010, p. 28.
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Hafner, 2011, pp. 471-472.
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of economic growth on the natural gas price dynamics. We also noted that the Interconnector gas pipeline
linking the British with the Belgian market impacts the prices and returns of natural gas at the three trading
hubs. For the European natural gas market, further research on storage, LNG and pipeline capacity is
suggested, as all significantly impact the behavior of natural gas prices. Finally, we would welcome a study of
the volatility dynamics of daily returns using the one month lagged volatility as explanatory variable for the
contemporaneous conditional variance in addition to the GARCH(1,1).

5.5

Multivariate volatility model

The previous section was concerned with modeling the volatility of each of the return series separately,
neglecting possible interaction in the volatility processes. In the following part, we estimate simultaneously the
conditional (co)variances of the stationary return series of NBP, Zeebrugge and TTF for the period between
October 2008 and January 2012. We apply the Constant Conditional Correlation (CCC) and the diagonalized
BEKK specifications to model the covariance matrix. The diagonalized version of the BEKK simplifies the
interactions between the elements of the conditional covariance matrix, such that the conditional variance of
each return only depends on its own conditional variance and squared lagged shock. On the other hand, the
conditional covariances depend on their own lagged value and on the cross products of the lagged shocks. The
CCC and diagonal BEKK models are estimated using a similar approach to Mansanet-Bataller & Soriano
(2009) and Chevallier (2012). Both authors model the conditional mean vector using a Vector Autoregressive
model of order p. Then the residuals of the mean vector are used to estimate the multivariate conditional
volatility models.
In the first sub-section, we model and select a VAR(p) model for the conditional mean. In the second part we
estimate the CCC and diagonal BEKK. Thereafter the estimation results of both models are compared. Finally,
in the last part of the section, we give the limitations to which our models are subject and propose possible
further research topics.

5.5.1

Modeling the conditional mean

The three return series were tested for stationarity in section 5.3.1: the hypothesis of a unit root is rejected for
the NBP, Zeebrugge and TTF returns. Therefore, we can model the conditional mean as a Vector
Autoregressive model of order p having the following representation:204
(5.1)
where

(
matrices for

) is a

vector of returns for NBP, Zeebrugge and TTF. The

that define the dynamics between the returns and

(

’s are
)

is a three dimensional vector of innovations.
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To determine the optimal lag length for the unrestricted VAR(p), we use the AIC, BIC and the Hannan-Quinn
(HQ) information criterion, while allowing for a maximal lag length of 8. The results are reported in Table 13.

Table 13: VAR optimal lag length selection for NBP, Zeebrugge and TTF
Lag

0

1

2

3

4

5

6

7

8

AIC

-9.742341

-10.17941

-10.33802

-10.41073

-10.47365

-10.54933

-10.55417

-10.59590

-10.62747

BIC

-9.725499

-10.11205

-10.22012

-10.24231

-10.25471

-10.27986

-10.23417

-10.22538

-10.20643

HQ

-9.735887

-10.15360

-10.29284

-10.34620

-10.38976

-10.44608

-10.43155

-10.45393

-10.46614

The AIC and HQ criteria select lag 8 as being optimal while the BIC selects a lag length of 5. These lag length
imply that at least 5 to 8 lags are needed in order model the dynamics of the three return series simultaneously.
The lag length of 5 seems to be justified at least for the NBP returns as in the univariate volatility analysis a lag
of 5 was needed to remove some of the serial correlation present in the data. In order to leave some generality
to the model we choose to model the conditional mean vector as a VAR of order 5. The parameter estimates
together with the model diagnostics are reported in Table 14, on the next page.
The constant for the three series is not significantly different from zero. All the parameters of the Zeebrugge
return equation are significant at a 1% level, except the TTF return at lag 3 which is significant at a 5% level.
Each of the return series is negatively impacted by its own lag if found significant: own past returns decrease
the contemporaneous return. The two continental trading hub returns are impacted positively by the NBP
returns for all the 5 lags considered. For the Zeebrugge equation, the parameters of the NBP lags are larger than
in the TTF equation, indicating a larger influence of the British hub on Zeebrugges’ return than on the TTFs
returns.
Interestingly, the lag 3 return of Zeebrugge decreases the contemporaneous return of NBP and TTF by 23.6%
and 15.5%, respectively. While for the Zeebrugge series itself, lag 3 decreases its own return by 39.3%. The
TTF return equation also shows that TTF is influenced by its own return on the day before, by the return of
Zeebrugge at 3 lags and by all NBP returns. On the other hand, NBP returns are impacted by the Zeebrugge
returns on the previous day and three day ago, while only lag 2 of TTF returns is found significant at a 5%
level.
From the results of the VAR, we can infer that Zeebrugge daily returns are impacted by the NBP and TTF
lagged returns, while the two other hub returns show less dependence with the variables in the system. This
suggests that the Belgian natural gas market is subject to shocks that affect the Dutch as well as the British
market. The latter is expected, as the Zeebrugge hub is at the center of continental gas exports/imports from/to
the British market through the Interconnector gas pipeline, while the Netherlands through the BBL pipeline can
only export gas to the UK. On the other hand, for the NBP returns only the first 3 lags are significant for
explaining the contemporaneous returns of NBP. This suggests that the British market responds and
incorporates information relatively fast. Furthermore, the results of the VAR(5) for the NBP returns suggest that
the British markets is subject to a lesser extend to market movements occurring in the Belgian and Dutch
market for natural gas.
75

Table 14: VAR(5) estimation results for NBP, Zeebrugge and TTF

Q(5)
Q(10)
Q(15)
Q(20)
Q2(5)
Q2(10)
Q2(20)
Skewness
Kurtosis
JB

-6.57E-05
(0.00262)

-0.000220
(0.00130)

-0.000286
(0.00123)

-0.283369***
(0.03513)

0.366381***
(0.01739)

0.288107***
(0.01648)

-0.312201***
(0.04416)

0.258651***
(0.02185)

0.180570***
(0.02071)

-0.120767**
(0.04782)

0.224844***
(0.02367)

0.159345***
(0.02243)

-0.043740
(0.04631)

0.160257***
(0.02292)

0.111636***
(0.02172)

0.014668
(0.04192)

0.145035***
(0.02074)

0.114235***
(0.01966)

0.226740**
(0.09546)

-0.394343***
(0.04724)

0.077186
(0.04477)

-0.153154
(0.10179)

-0.403410***
(0.05038)

-0.066663
(0.04774)

-0.236188**
(0.10245)

-0.392837***
(0.05070)

-0.154831***
(0.04805)

-0.007743
(0.09934)

-0.256029***
(0.04917)

0.017422
(0.04659)

-0.154702
(0.09024)

-0.177833***
(0.04466)

-0.037372
(0.04232)

0.127275
(0.10407)

0.187528***
(0.05151)

-0.205193***
(0.04881)

0.231159**
(0.10780)

0.219558***
(0.05335)

-0.083842
(0.05056)

0.054133
(0.10997)

0.138317**
(0.05442)

-0.068173
(0.05158)

0.207564
(0.10824)

0.199491***
(0.05357)

-0.039015
(0.05077)

0.135683
(0.10103)

0.145314***
(0.05000)

0.014581
(0.04739)

0.363
0.058
0.039
0.004
0.000
0.000
0.000
-0.987740
18.33313
8434.966***

0.549
0.221
0.102
0.203
0.000
0.000
0.000
0.502322
8.750682
1202.728***

0.894
0.676
0.683
0.756
0.000
0.000
0.000
0.116036
8.185747
950.9632***

Note: the significance level is indicated by the asterisks: ** means a significance on a 5% level and
*** the 1% significance level. The standard errors are reported in parenthesis ( ). For the Q-statistics
of the residuals and their squares (Q2), only the p-values are reported. JB denotes the values of the
Jarque-Bera normality test for the residuals of the VAR(5). The skewness and kurtosis of the residuals
is also reported.
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From the Q-statistics in Table 14, we can infer that the VAR(5) model is able to remove much of the
autocorrelation in the residuals of Zeebrugge and TTF. For the NBP, the null of no serial correlation is accepted
for up to 5 lags and to a lesser extend for up to 10 lags. For up to 15 and 20 lags the null of no serial correlation
for NBP can be rejected at a 5% and 1% significance level, respectively. Additionally, the Q-statistics for the
squared innovations rejects the null of no serial correlation at all significance levels for the three squared
residuals series. The next section builds up on the results of the VAR(5) and investigates the behavior of the
conditional volatilities in the trivariate system of equation.

5.5.2

Multivariate GARCH estimation results

The residuals from the estimated VAR(5) conditional mean model are used as input for the estimation of the
two multivariate GARCH models, namely the Constant Conditional Correlation and the diagonal BEKK. Both
models take into account the interrelationship of the conditional volatilities. The CCC models the conditional
covariance matrix based on the decomposition of the covariances as the product of the conditional correlation
with the conditional standard deviations. The diagonal BEKK differs from the CCC model as it directly
estimates the conditional covariances and allows them to be time varying.
(

Let

) denote the

vector of the residuals of the fitted VAR(5) model of the NBP,

Zeebrugge and TTF equations, respectively. We further assume that one lag for the squared residuals and one
lag for the conditional variance are appropriate for modeling the contemporaneous variance, i.e.

.

The estimated trivariate CCC-GARCH model is defined as follows:
for
⁄

where

for

⁄

,

covariance matrix

and

are non negative and
are given by

for

. The elements of the conditional

for the variance and by

conditional correlation between the components of

is given by

for the conditional covariance. The
, where

and

.

The results of the CCC model estimation are reported on the next page in Table 15.
All the parameters of the CCC model are significant at a 1% level. The conditional correlation matrix R is
positive definite ensuring the positive definiteness of the covariance matrix
stationarity condition is not satisfied as one of the roots of

(

(

. However, the covariance-

) ) lies inside the unit circle.205

205

Chevallier, 2012, p. 4266. Equivalently, the eigenvalues of the sum of the coefficient matrices A and B of the ARCH and
GARCH term, respectively, are positive and are less than one. See Tsay, 2010, p. 522.
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Table 15: VAR(5)-CCC model, estimation results
NBP (

)

Zeebrugge (

)

TTF (

)

GARCH parameters
0.000158***

0.000023***

0.000039***

0.485791***

0.131233***

0.164158***

0.629506***

0.859722***

0.814179***

1.115297

0.990955

0.978337

Correlation parameters
0.109913***
0.131901***
0.714044***
AIC

-11.73110

BIC

-11.64712

Note: the significance level is indicated by the asterisks: ** means a significance on a 5% level and *** the 1%
significance level.

The estimated CCC model is not stable and shocks are persistent. Comparing the parameter estimates of the
CCC with those GARCH model based on Model 2 of the conditional mean (section 5.4.1) indicate a decreased
persistence, i.e.

for

, compared to the univariate GARCH models.

Furthermore, the linear dependence – correlation – between the conditional volatilities of Zeebrugge and TTF
is highest with a value of 0.71, while the correlation between NBP and the Zeebrugge and TTF hub amounts
only to 0.11 and 0.13, respectively.
Simultaneously modeling the conditional variance of the variables in the system increased the weight of past
squared shocks for Zeebrugge and TTF to 0.131 and 0.164, respectively, compared to 0.056 and 0.088 in the
univariate GARCH. Also the contribution of the lagged conditional variance of Zeebrugge and TTF in their
own equation decreased in the CCC compared to the univariate models.
The NBP equation shows that past shocks have a lower weight than in the univariate model, while the
importance of the own lagged volatility slightly increases.
Overall, the CCC estimation results suggest that there is an interaction between the variables in the system and
that the positive linear dependence between the conditional variances of Zeebrugge and TTF is high, while for
NBP and the two other hubs it is rather low. The serial correlation in the standardized residuals of NBP
decreased significantly compared to the simple VAR(5) model. However for the Zeebrugge series, the CCC
model increases the serial correlation in its standardized residuals and its squares.206
One major drawback of the CCC model is that it assumes a constant conditional correlation between the
volatilities. Allowing for more dynamics in the conditional correlation could improve the results of the
multivariate model. We leave the DCC modeling approach for further research.

206

The results of the Ljung-Box test for the CCC model will be provided when we compare the diagonal BEKK to the CCC
results.
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To circumvent the restrictive assumption of a constant correlation between the conditional volatilities, we
estimate a diagonal BEKK. The latter model directly estimates the conditional covariance matrix without
requiring the modeling of the correlation for the decomposition of the conditional covariance matrix.
In its unrestricted form, the BEKK allows to model the transmission of shocks and volatility across the
variables in the system. The model that we apply is the diagonal BEKK, where the conditional variance and
covariance can be modeled.207 However, this model specification does not allow for studying the cross
volatility and shock effects per se. Even with this restriction, the diagonal BEKK is able to model the time
varying conditional variance and covariance separately. The following diagonal BEKK is estimated:

where parameter matrices
and

for

,

and

are restricted to be

is positive definite with elements

are the elements of the covariance matrix

diagonal matrices with diagonal elements
. Finally

and

for

and

.

The results of the BEKK estimation as well as the conditional variance and covariance equations are reported in
the Table 16, below.

Table 16: VAR(5)-BEKK estimation results
NBP (

)

Zeebrugge (

)

TTF (

)

GARCH parameters
0.000213***

0.000019***

0.000009***

0.707311***

0.255787***

0.202400***

0.790960***

0.959166***

0.975258***

Covariance parameters
0.000040***
0.000042***
0.000009***
Conditional variance and covariance equations
0.000213 + 0.500289

+ 0.625617

0.000019 + 0.065453

+ 0.919999

0.000009 + 0.040966

+ 0.951128

0.000040 + 0.180921

+ 0.758661

0.000042 + 0.143160

+ 0.771390

0.000009 + 0.051771

+ 0.935434

AIC

-11.61280

BIC

-11.52882

Note: the significance level is indicated by the asterisks: ** means a significance on a 5% level and *** the 1%
significance level.
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The Eviews 6.0 software package hasn’t implemented yet the fully parameterized BEKK version. Only the diagonalized version
of the BEKK can be estimated.
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All the parameters are significant at a 1% level, but the multivariate GARCH process is highly persistent and its
covariance is non-stationary.
Comparing the value of the weights for the lagged variance in the conditional variance equations, we see that
these are larger than in the CCC model for Zeebrugge (92%) and TTF (95.1%) , while for NBP (62.6%) it is
almost the same. Furthermore, the contribution of the lagged innovation in the diagonal BEKK has decreased
for Zeebrugge and TTF reaching almost the same levels as in the univariate GARCH(1,1) in section 5.4.1.
From the conditional covariance equation between Zeebrugge and TTF, we see that shocks on the previous day
on the respective hubs increase/decrease the covariance by 5.2% depending on the sign of the respective
shocks, while the past covariance has a weight of 93.5%. Additionally, the covariance between the NBP and
the two continental hubs increases by 18.1% and 14.3% with the cross product of its own shock and those of
Zeebrugge and TTF, respectively. The interpretation of this larger weight on the cross product of shocks is
difficult. The sign of the contribution of the cross product of lagged shocks largely depends on the sign of each
respective shock in the covariance equation. A fully parametrized BEKK, would also have contained these
shock cross products. The major difference between the full and the diagonal BEKK is that it is possible to
analyse the spill over of shocks between the conditional variances, but also the impact of the conditional
covariances on the variance of one series.
In the next section, we compare the VAR(5)-CCC with the VAR(5)-BEKK model based on their capacity to
model the conditional covariance matrix but also with respect to their ability to produce uncorrelated residuals.

5.5.3

Model comparison

The main difference between the CCC and BEKK conditional volatility models is that they estimate the
conditional covariance in a different way. While the CCC estimates the latter through the decomposition of the
covariance matrix as the product of correlations with standard deviation, the BEKK directly models the
covariance matrix.
First, we will compare the two above mentioned models with respect to their ability to remove serial correlation
in the standardized residuals and their squares. We further assess and compare the impact of volatility modeling
on the distribution of the standardized residuals.208 The results of the analysis are given in Table 17, on the next
page. Figure 9 shows the Normal QQ-plot of the standardized residuals of the VAR(5), VAR(5)-CCC and
VAR(5)-BEKK model. Finally, we compare the estimated conditional covariances of NBP, Zeebrugge and TTF
return series.

208

For the analysis, we do not use the built-in “residuals test” of EViews that is available after the estimation of the multivariate
GARCH. We extracted for each model the residuals standardized through the square root of the covariance of each series. The Qstatistics, kurtosis, skewness and Jarque-Bera normality test values for the standardized residuals differ from those obtained
directly in the MGARCH estimation window of EViews.
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Table 17: CCC and BEKK model, diagnostic tests

NBP

VAR(5)-CCC
Zeebrugge

TTF

NBP

VAR(5)-BEKK
Zeebrugge

TTF

Q(5)

0.323

0.158

0.867

0.379

0.164

0.774

Q(10)

0.307

0.017

0.456

0.249

0.027

0.576

Q(15)

0.465

0.042

0.455

0.394

0.029

0.433

Q(20)

0.115

0.121

0.743

0.087

0.106

0.618

2

0.940

0.664

0.962

0.944

0.021

0.011

2

Q (10)

0.992

0.747

0.915

0.997

0.143

0.020

Q2(15)

0.999

0.850

0.976

1.000

0.211

0.005

Q (5)

2

Q (20)

0.087

0.967

0.998

0.066

0.311

0.035

Skewness

-0.480332

0.519025

-0.437015

-0.505952

0.463502

-0.146901

Kurtosis

10.30515

8.601908

8.589932

10.36423

7.604347

8.254158

JB

1915.916

1145.530

1129.731

1950.070

778.511

977.3142

Note: JB denotes the values of the Jarque-Bera normality test for the standardized residuals. Skewness and Kurtosis are
reported for the standardized residuals of each series. For the Q-statistics of the standardized residuals and their squares
(Q2), only the p-values are reported.

Against our expectation, the VAR(5)-BEKK did not fit the data as well as the VAR(5)-CCC model. The latter
model removed more of the serial correlation for up to 20 lags than the BEKK. Without taking into account the
serial correlation of the squares, the simple VAR(5) model is able to remove much more of the serial correlation
for Zeebrugge and the TTF.
Conversely, for the NBP it holds that the CCC and BEKK models are able to remove the serial correlation in
the residuals of the VAR(5). This suggests that the serial correlation observed in the NBP returns is driven by
non-constant conditional volatility process.
Considering the squares of the standardized residuals, the MGARCH models are clearly outperforming the
simple VAR(5) model for the daily returns of NBP, Zeebrugge and TTF with the exception of the BEKK for the
TTF. For the NBP, the null hypothesis of no serial correlation in the squares can be accepted in the CCC and
BEKK specification. As we already noted in the univariate conditional variance model for NBP, lag 20 for NBP
influences the serial correlation in the squares. Although the BEKK achieves a larger kurtosis reduction for
Zeebrugge and TTF, we prefer the CCC model based on the results of the serial correlation tests.
The skewness, kurtosis and Jarque-Bera test values suggest that the residuals are not normally distributed. In
Figure 9, on the next page, we observe that the distribution of the standardized residuals deviates from the
normal. The decrease in kurtosis of the standardized residuals compared to the VAR(5) residuals is visible in the
same Figure.
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Figure 9: QQ-plot of the VAR(5) residuals and CCC, BEKK standardized residuals
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The CCC and BEKK model have made the skewness of TTF negative, while it was positive in the VAR(5). The
latter effect is also observable from the QQ-plot of the TTF in the right column of Figure 9. Compared to the
normal distribution, the NBP and TTF residuals in the CCC and BEKK have longer left tails as the skewness is
negative, while Zeebrugge exhibits longer right tails due to its positive skewness.
In the BEKK, the covariance can become negative. In the CCC model, the sign of the covariance depends on
the sign of the estimated correlation. This is because the time-varying covariance matrix results from the
product of the standard deviations (positive per definition) with the estimated conditional correlation
coefficients. A positive (negative) correlation coefficient implies a positive (negative) covariance in the CCC
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model. Conversely, the sign of the time-varying covariance in the BEKK model depends on the sign of the
shocks’ cross products. In Figure 10, on the next page, the estimated conditional (co)variances are plotted.
From the plots of the conditional (co)variances in Figure 10, we see that the covariances in the BEKK for the
pairs (NBP, Zeebrugge) and (NBP,TTF) take negative values, while for (Zeebrugge, TTF) the covariance is
positive. It seems that for the pair (Zeebrugge, TTF) the past innovations are on average of the same sign. But
the latter hypothesis has to be relaxed due to the high value for the lagged covariance parameter. For the two
other pairs, the observable negative values of the covariance suggest that shocks are not always of the same
sign and that they are large enough to make the covariance negative.
The CCC and BEKK conditional variance estimates for NBP almost match perfectly. A possible explanation is
that both models attribute a similar weight to the ARCH and GARCH parameters in the NBP variance equation.
For the two other hubs this does not hold. For the TTF, the differences in the estimated variance of both models
are larger than for Zeebrugge. When the conditional variance of Zeebrugge and TTF increases (decreases), the
BEKK estimates a lower (larger) variance than the CCC model. It is likely that this pattern is induced by the
smaller weight of the lagged squared innovation in the BEKK model equations for the variance of the two
continental hubs. In other words, the BEKK gives less weight to new information for Zeebrugge and TTF
compared to the CCC model. Finally, the BEKK conditional variance for the TTF is less dynamic and shows a
strong persistence. The latter could be explained by the presence of serial correlation in the residuals of the
BEKK model.
Although assuming a constant correlation is too restrictive, we prefer the CCC model to the BEKK. The CCC
fits the data in a better way as it removes more of the serial correlation in the NBP, Zeebrugge and TTF
standardized residuals and their squares. The AIC and BIC information criteria for both model also select the
CCC model.
The next sub-section depicts the limitations to which the results of the multivariate GARCH analysis are subject
to.
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Figure 10: Conditional variances and covariances, MGARCH models comparison
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5.5.4

Limitations and further research

The results of the multivariate GARCH estimation have to be interpreted with caution. As it was the case in the
univariate GARCH analysis, the estimated models are non-stationary and highly persistent. Our assumption that
a simple VAR(5) is able to model the time-varying conditional mean might be too restrictive. Our modeling
approach of the conditional covariance may have influenced the results of the (co)variance analysis. The
conditional covariance was estimated in two-steps and not simultaneously. The residuals of the mean equation
were taken as input for the multivariate GARCH models. This approach implicitly assumes that the shocks
affecting the returns of NBP, Zeebrugge and TTF are observable. Furthermore, we assumed that the same
volatility dynamics apply throughout the sample period. As noted in 5.4.4, neglecting parameter changes in the
conditional (co)variance equations can lead to highly persistent volatility processes. Therefore, further research
on the volatility behavior in and after the economic crisis of 2008 should assess whether a structural change in
the dynamics of the volatility process occurred.
Although the CCC model is preferred over the diagonal BEKK, we consider that the assumption of constant
conditional correlation is too restrictive. An extension of our work allowing for more interactions between the
conditional (co)variances and time-varying correlation would be of interest. Similarly to the univariate case,
allowing for an asymmetric impact of positive and negative innovation on the conditional covariance could
provide further insights in the behavior of the returns volatility.
An innovative approach to study the volatility dynamics in any market was proposed by Hafner and Herwartz
(2006). Similarly to the well know Impulse Response Functions (IRF), the authors propose to employ
Volatility Impulse Response Functions (VIRF) to analyses how a shock in one market is transmitted to other
markets. In addition, VIRFs allow visualizing the persistence of shocks on the volatility. Le Pen & Sévi (2010)
applied this methodology to the German, Dutch and British forward electricity markets. An application of the
VIRFs on the European natural gas markets would provide further insights on the volatility dynamics of gas
prices.
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CONCLUSION
The crisis of the financial system starting in 2008 strongly affected the worldwide economy. With the general
economic slowdown in the years 2008 and 2009, worldwide natural gas demand dropped, whereas in the
emerging markets the consumption of natural gas increased. On the one hand, by 2010, with the beginning of
the global economic recovery, gas demand had experienced a spectacular growth of 7.4% compared to the
2009 levels. On the other hand, with the decline in the industrial production on the European continent during
the year 2009, gas demand in this region had decreased significantly. Although Europe’s economy gained
momentum in the year 2010, the industrial production only reached the overall level of 2003. Additionally, the
rebound of the European economy differed across member states. European gas consumption growth observed
since 2010 is largely related to the increased economic activity as well as to an increased use of natural gas in
the electricity production sector. The increasing importance of natural gas for electricity generation is
acknowledged in studies presented in Chapter 2. In the same chapter the relationship between natural gas,
electricity, oil and the European carbon dioxide market has been depicted. The link between oil and European
gas prices stems from the indexation of long-term natural gas supply contracts to the price development of oil
and its substitutes. The dependencies of carbon dioxide and electricity prices on the prices for natural gas and
its substitutes for power generation cannot be neglected. Emission reduction plans of the European Union and
the stepwise exit from nuclear power generation following the nuclear disaster of Fukushima are increasing the
future gas demand of Europe. Moreover, the natural gas market integration on a global scale was addressed in
Chapter 2: academic literature agrees on the convergence of gas prices between the European and North
American continent, but not on their integration with the Japanese natural gas market. Therefore, inferring that
a global gas market exists is difficult. The British, Belgian and Dutch gas markets are the most extensively
studied ones in Europe. Research confirms a strong relationship among these three markets. The prices
observed at the NBP and Zeebrugge tend to diverge, especially when the bi-directional Interconnector gas
pipeline cannot operate properly, e.g. during maintenance periods or when there is not enough pipeline capacity
available to be traded. While the dependency between the Dutch and British market is rather lose, the Dutch
and the German gas markets are integrated.
In Chapter 3, the quantitative and qualitative analysis of daily spot prices and returns for the NBP, Zeebrugge
and the TTF in the period between October 2008 and January 2012 confirmed the close relationship of the
three market areas and the importance of the Interconnector gas pipeline for the divergence of NBP, Zeebrugge
and TTF prices. The analysis showed that the main drivers of gas prices during that period were the economic
growth, unusual cold temperature and the oversupply of gas due to a decline in demand and an increased
supply of LNG. The political unrest in the Middle East and North African countries, and the Japanese Tsunami
in March 2011 only had a short-term impact on gas prices. Furthermore, in the period of October 2008 until
May 2010 daily spot returns were greater and exhibited larger daily deviations, while in the period after May,
2010 daily returns were more stable. Volatility clusters and evidence for a time-varying volatility were
identified. Chapter 4 presented the volatility processes applied to estimate the conditional volatility of daily gas
returns in the univariate and multivariate modeling framework, conducted in the last chapter. In Chapter 5,
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three univariate models were employed, namely GARCH(1,1), EGARCH(1,1) and TGARCH(1,1) with the
mean modeled as an ARMA. The persistency is very high in all the models considered for NBP, Zeebrugge and
TTF, indicating a non mean-reverting behavior of the volatility process. The contribution of the volatility of the
previous day is highest for the two continental hubs (Zeebrugge and TTF), whereas past shocks have only a
small impact on the present volatility. For the NBP returns’ volatility past shocks and past volatility have
approximately an equal impact. The EGARCH(1,1) as well as the TGARCH(1,1) for the NBP confirmed the
existence of an asymmetric response of the volatility to unexpected negative shocks (leverage effect): large
negative returns increase the volatility more than positive ones. The leverage effect for Zeebrugge and TTF was
only found in the EGARCH(1,1) model. In the multivariate framework a trivariate Constant Conditional
Correlation (CCC) and diagonal BEKK was estimated together with a VAR(5) for the mean, showing the
interaction among the volatility of returns of NBP, Zeebrugge and TTF. The VAR results suggest that the
Belgian natural gas market is subject to shocks that affect both the Dutch and the British market, but also that
the gas market movements occurring on the European continent less affect the British market. Similar volatility
dynamic applies for the daily Zeebrugge and TTF returns in the CCC model. The volatility correlation for the
two continental hubs is positive and is the highest one, whereas for the NBP and the two other hubs it is the
lowest one. The results obtained with the BEKK model confirm the positive relation between the volatilities of
Zeebrugge and TTF. The Multivariate GARCH analysis infers that most of the time the volatility behavior of
returns of Zeebrugge and TTF are subject to the same shock. Conversely, the results also imply that the
volatility of NBP returns is impacted by shocks other than those influencing the volatility of Zeebrugge and
TTF.
In conclusion, the main results of the volatility analysis concern the NBP and the volatility dynamics during the
period between October 2008 and January 2012. The volatility of the NBP returns is explosive in every model
considered. However, the volatility analysis for the NBP revealed the dependence of today’s volatility on the
volatility on the previous day and one month ago, implying that yesterday’s volatility and the volatility one
month ago help predicting today’s variance. Finally, the period between October 2008 and June 2010 was
shown to be more volatile than the rest of the sample. Together with the high persistency of each of the
volatility processes observed, this fact suggests the presence of different volatility regimes and the possibility of
a structural break occurring in mid-2010.
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