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Abstract

After the liberalization and deregulation of electricity markets, the unpredictability

of price trends importantly impacts on profits and risk exposures, both for those who

use and produce this particular commodity. As such, it is nearly impossible to predict

electricity spot movements with a high accuracy. However, managing and controlling

these fluctuations can be done by using financial instruments.

This thesis tests how effective it would be to pursue such a hedge by using monthly and

quarterly futures contracts in the Nordic and German power markets. The portfolios

are built using static and dynamic hedge ratios, whereas their hedging performance

is measured by variance and Value at Risk reductions. Overall, it is found that these

strategies are poorly effective in covering from price risk, particularly in the EEX

market. Furthermore, this effectiveness widely changes between different periods and

between the two markets, indicating that a unique strategy offering an effective risk-

mitigation over time and geographical areas is not existent.
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Chapter 1

Introduction

The first chapter introduces the main motivations that lead the way for having cho-

sen this particular scientific field as the topic of this master’s thesis. The research

questions are formulated right before the selected methodology and the scope delim-

itations. Additionally, the data quality and the parties involved in the project are

presented. This section concludes with the thesis outline.

1.1 Motivation

The motivation behind developing a thesis that tests the risk reduction of different

hedging strategies in the energy market stems from the Energy Finance course taught

by Prof. Dr. Karl Frauendorfer at the HSG St. Gallen that one of the authors took

during his exchange semester. Moreover, the deep involvement in the Risk Man-

agement course taught by Prof. Linda Sandris Larsen at CBS has even increased

the enthusiasm to broaden the knowledge over the derivatives and hedging strategies

fields, and has ultimately been a pivotal point when deciding to apply those in the

commodities markets. The authors’ attraction over quantitative subjects also played

a significant role during the topic’s selection. Despite the completeness and the high

quality of the Finance and Strategic Management master’s course, the program has

slightly lacked the quantitative aspect of finance the authors are interested in.

Amongst the diverse commodities markets, the highest interest is found on electric-

ity, since it is identified as the one with the most technical innovations and volatility

(Burger, Graeber & Schindlmayr, 2014). As Chapter 2 will explain, demand and

production are required to always match instantaneously. Besides, eventual demand

and/or supply shocks cannot be controlled by using stored power, making this specific

market highly characterized by seasonal patterns, unlike the bulk of the commodities
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markets (Eydeland & Wolyniec, 2003). Focusing deeper, the electricity market repre-

sents a high-growth market, even if compared to the global market for energies. The

average growth rate of electricity consumption has been registered at 3.35% between

2002 and 2012, whereas it has been 2.66% for primary energies demand (Burger et

al., 2014). Electricity has been defined “the fuel of the future”, with a global demand

growth of 4% during 2018, ultimately representing the 20% share of the total final

power consumption (IEA, 2019).

Risk management practices and tools play a crucial role in the electricity market,

since they allow participants to hedge against unfavorable price movements. Accord-

ingly, sellers and buyers are likely to be interested in a level of cash flows which is as

stable as possible. For example, if a market actor is expecting the electricity price to

fall, she could partially offset the loss by selling futures contracts. For this purpose,

derivatives-trading has become a widely used hedging strategy especially amongst

practitioners in this exceptionally volatile market (Hanly, Morales & Cassells, 2018).

In conclusion, the relatively recent liberalization of the electricity market makes

this branch of study to be fairly unexplored and not-intensively analyzed (Hanly et

al., 2018). Therefore, the chance to somewhat make a contribution to the electricity

hedging literature further brings a higher motivation for developing an extensive and

detailed study over the field.

1.2 Problem Statement and Research Questions

Since the deregulation of the energy markets, which made electricity prices being de-

termined directly by market forces and not by the regulator, the financial risk and

the complexity of the traded financial products have significantly increased. For this

reason, the importance of effective risk management practices has become pivotal,

both for the producers and for the market participants.

This thesis takes the perspective of an actor that wishes to hedge her commitment to

sell electricity in the spot market at a future date. The hedging instruments in scope

are futures contracts. Specifically, two contract lengths are used, namely monthly

and quarterly delivery windows. The monthly futures are by far the most widely used

amongst electricity hedging literature (Zanotti, Gabbi & Geranio, 2010); whereas the

quarterly contracts have been selected over all the other available maturities as they

are significantly more liquid (Montel, 2020).



Chapter 1. Introduction 3

The goal in this project is in some sense twofold. Foremost, the aim is to test sev-

eral hedging strategies, in order to ultimately find the one which returns the optimal

hedge ratio, contextualized in a portfolio built with positions in both electricity spot

and futures markets. The optimal hedge ratio is generally defined as the one that

minimizes the total portfolio variance or any other risk measure. The hedging models

have been divided between static and dynamic hedges, with the aim of capturing

the bulk of the markets’ characteristics, e.g. the time-varying volatility. The existing

literature reports inconsistent findings about the effectiveness of the hedging strate-

gies: Hanly et al. (2018) find that, overall, using futures contracts as the hedging

instrument does not satisfactorily cover from price movements, compared to other

commodities markets; whereas Zanotti et al. (2010) and Byström (2003) discover

diverse results over the studied dataframe. Therefore, the first research question is

formulated as follows:

Does the hedger effectively mitigate the electricity price risk by using futures

contracts?

At this end, the prices series have been split into 4 equally long sub-periods, where

the first 3 are used as the in-sample estimation period and the last one for the out-of-

sample forecast. A data segmentation as such allows to verify if periods characterized

by high or low volatility imply different hedging models. Also, it is intuitive that a

hedger is greatly interested on hedging its portfolio risk with an eye over the future,

rather than the past, making the application of the in-sample estimates over the out-

of-sample window a meaningful perception of a real scenario.

Secondly, the scope is here to analyze both the Nordic and the German markets for

electricity, with the aim of performing a dual assessment: whether 1) the same hedg-

ing model is suitable for the two areas and 2) in which one the hedging strategies are

performing at best. Concerning the Nordics, Nord Pool and NASDAQ OMX Com-

modities Europe are considered, while the EEX refers to the German/Austrian area

(in the thesis only specified as German1). These particular markets have been selected

because they are identified amongst the most actively traded European markets for

electricity (Hanly et al., 2018). The selection has also been done in accordance with

the mostly used electricity exchanges in the literature: Byström (2003) only assessed

the Nordic; Zanotti et al. (2010) considered the Nordic, EEX and Powernext; Hanly

et al. (2018) studied the Nordic, EEX and APXUK.

1Germany and Austria operate as a jointed electricity pricing zone since 2002 (European Par-

liament, 2017).
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Inter markets comparisons are meaningful when the same strategies and similar fi-

nancial instruments are tested. For this reason, the second research question is for-

mulated:

Does the choice on the optimal hedge ratio depend on a specific market area? Is

hedging more effective in the Nordics or in Germany?

1.3 Scientific Method, Scope and Delimitations

The empirical research primarily builds on a quantitative foundation, but also includes

some descriptive analyses over how the electricity market evolves. The main conclu-

sions rely on a quantitative method, since they are uniquely reinforced with financial

and econometric evaluations. The ultimate objective is to deliver clear hedging rec-

ommendations to an electricity market actor, therefore implying a normative claim,

rather than descriptive.

The method generally follows a pyramidal bottom-up approach, in a way that the

bedrock of the thesis is formed by risk management and energy finance theories to-

gether with a pertinent literature review. Then, the lens focuses on specific fragments

of the broader concepts to deliver precise conclusions.

In order to avoid redundancy over the chapters, it is important to state here that all

the numerical calculations, tests, estimates as well as forecasts have been executed

through the statistics software R. Only a limited amount of R codes can be found in

Appendix B, with the aim of providing transparency but not overloading the reader

with unnecessary and basic codes.

The scope of the thesis is limited, as it solely considers two market areas, namely

Nordic and German. Although a greater amount of power exchanges is existent, a

broader analysis would have been misleading for the direct recommendations this

study wants to address. Additionally, hedging practices are particularly used in these

two markets; for instance, the 90% of Norwegian electricity companies undertake such

risk strategies (Sanda, Olsen & Fleten, 2013). The considered financial instruments

do not cover the entire offer of products, with weekly or yearly delivery contracts

being existent and tradable, although in the German/Austrian area monthly futures

are the shortest available tools. Accordingly, monthly and quarterly contracts are the

only ones included, both for their higher liquidity and open interest, implying the

most suitable maturities for hedging purposes (Montel, 2020; Botterud, Kristiansen

& Ilic, 2009).
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As mentioned, the particular selection of these market areas and futures contracts

deliveries broadly matches what has been already studied in the literature, with the

aim of formulating direct comparisons.

Amongst the broad family of derivatives, the futures contracts definitely represent

the most effective weapon to tackle the risk this thesis wants to eliminate. Specifi-

cally, they are the most highly traded instruments in the electricity market. As the

literature leads, it is common knowledge that these hedging tools are a standard way

to manage commodities price risk (Hanly et al., 2018); since the early work of Eder-

ington (1979), futures proved to be largely the most effective in this context.

Furthermore, the strategies to estimate the hedge ratios could not be all included.

Econometric models are very numerous, so that an accurate selection has been neces-

sary. The main division revolves around static and dynamic hedges. As it is commonly

referred amongst previous literature, the former studies the näıve one-to-one hedge

and the ordinary least squares hedge. More computationally complicated models

are considered when accounting for time-varying hedge ratios. As such, the theory

suggests that the dynamic conditional correlation (DCC) GARCH model requires to

pursue less parameters estimations compared to the traditional GARCH models (see

Chapter 7). Thus, according to the parsimony principle implied by the Box-Jenkins

procedure embraced it this thesis, the DCC-GARCH is chosen.

Lastly, the dataset has a limited timeframe, as it considers 10 years of daily price

datapoints, which stem from 05/01/2010 to 30/12/2019. The time series could have

been extended further in the past, but the search for an as recent as possible evaluation

has been prioritized. Also, the decision has been brought forward to complete the

time window left out from Byström (2003), Zanotti et al. (2010) and Hanly et al.

(2018) in their papers.

Furthermore, the daily prices datasets will be transformed into weekly log returns time

series. Although several returns frequencies, such as daily, monthly etc., could have

been used for the same end, weekly observations are identified as the optimal data

frequency to both remove unwanted bid/ask effects and include enough information

(Stoll & Whaley, 1993).

The daily spot prices are considered as the arithmetic average of the day-ahead hourly

auction prices, as widely employed in the electricity hedging literature (Byström, 2003;

Zanotti et al., 2010; Hanly et al., 2018). Further details about the data are extensively

presented in Chapter 5.
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1.4 Data Quality

This sub-section starts by presenting the parties that have been involved during the

data-gathering process.

Montel

The Oslo-headquartered company Montel is a key information provider operating over

the European energy markets since early 1990s. It is a central reference for energy

professionals in 30+ countries, with around 4,500 weekly users from 850 companies. In

addition to its services of technical market analysis, weather forecasting and electricity

markets news communication, it owns an extensive portfolio of real-time and historical

prices (Montel, 2020). This thesis has been given the honor to access to the latter,

and disposed of this database as one of the primary data sources. The authors have

also opened a dialogue with both managers and analysts with the aim of discussing

the thesis’ results and obtain the perspective of energy experts.

Nord Pool

As the physical electricity exchange in the Nordics, Nord Pool has granted access to its

FTP server from which the relevant data have been downloaded. A brief presentation

of this entity will be provided in sub-section 2.5.1.

European Energy Exchange (EEX)

Similarly, the European Energy Exchange has allowed the usage of its sFTP server

for downloading the data for the Phelix. A brief presentation of this entity will be

provided in sub-section 2.5.3.

These three entities have clearly stated the confidentiality of the data received,

as well as to be recognized in the text. To this end, all the data used in this thesis’

analysis are considered as being primary. This remarks the strong reliability of the

datasets, allowing the conclusion to be solid and trustworthy. Particularly, the daily

prices downloaded from the servers have been compared between each other, with no

differences found at all.
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1.5 Outline and Objectives

The thesis is structured as follows:

Chapter 1 is introducing the authors’ motivation for exploring these particular topics,

namely energy finance and risk management. The problem statements are defined

together with the thesis’ methodology and delimitations. Data sources are also listed

to provide the data quality references.

Chapter 2 brings the reader through the technical peculiarities of the electricity mar-

ket. Specifically, both physical and financial markets are explained, offering a full

handset of the exchanged instruments. Price movements are heavily impacted by

demand and supply flows; thus, their determinants are discussed. Lastly, the Nordic

and German markets are distinguished.

Chapter 3 provides the necessary risk management bases. Particularly, it starts by

defining the optimal hedge ratio as well as its static and dynamic specifications. A

description around the workings of futures contracts is also included.

Chapter 4 reviews the existing literature on electricity hedge ratios modelling. The

most prominent studies revolve around Byström (2003), Zanotti et al. (2010) and

Hanly et al. (2018).

Chapter 5 describes the specific datasets used in the main analysis of the thesis. Be-

forehand, prices time series have been transformed in weekly log returns series and

will be modelled accordingly in later chapters. The rollover procedure is explained

and applied to the datasets, in order to create continuous time series of data. Lastly,

selected descriptive statistics are presented and a crucial test for stationarity is pur-

sued.

In Chapters 6 and 7 the greatest emphasis is devoted to an exhaustive examination

of the static and dynamic hedging models, respectively. In particular, the former

presents the näıve hedge and more extensively the ordinary least squares model.

Whereas the latter guides the reader over the definitions of conditional mean and

conditional variance to ultimately define the multivariate generalized autoregressive

conditional heteroskedasticity model.

Chapter 8 illustrates the performance measures that are used to evaluate the effective

goodness of the hedging models. Furthermore, the out-of-sample forecast determi-

nants are stated.

Chapter 9 provides the final results from the models assessed on Chapter 6 and 7, and

it shows them in terms of the hedging effectiveness measures explained in Chapters 8.

The rationale is to apply the theoretical models and assumptions to the considered

in-sample and out-of-sample time series, in order to set the background to build the

thesis’ conclusions.
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Before moving to the conclusions, Chapter 10 bridges the empirical results with the

broader literature on risk management and energy finance, with the aim of setting

the field for the authors’ contributions.

Chapter 11 directly answers the research questions by means of the obtained results

and concludes the thesis accordingly.

Chapter 12 acknowledges the existence of different viewpoints and draws suggestions

for further research.

In summary, several research objectives are set in this thesis. Firstly, it wants to

familiarize the reader with the technical and financial aspects of the electricity mar-

ket, considered as a whole and for the areas in scope. Secondly, it provides a thorough

review of the literature around hedging practices in this particular commodity market.

Then, it offers a step-to-step guideline for building simple and advanced econometric

models, with the fundamental aim of estimating optimal hedge ratios. Additionally,

it assesses these optimal hedge ratios through commonly used performance measures.

Lastly, by forecasting hedge ratios over an out-of-sample period, it dispenses recom-

mendations for Nordic and German electricity markets participants.



Chapter 2

The Electricity Market

This chapter serves to provide a solid background and understanding of how the

electricity market operates as well as some of its technical peculiarities. In addition,

it presents how the demand and supply curves intersect, thus how the electricity prices

are settled. The reason for a focus on how the market works lies on the underlying

commodity’s unique characteristics, which ultimately impact on its price evolution.

2.1 Overview

Electricity is a widely used form of energy, utilized for an enormous range of appli-

cations, such as heat, light and power. It is increasingly used as a fuel substitute for

transportation. More specifically, it is a secondary energy source, as it is generated

from the transformation of other energy elements, i.e. oil, natural gas, nuclear power,

coal and different renewable resources (Burger et al., 2014).

Electricity has different properties compared to other commodities. Firstly, it requires

a transmission network, namely a grid infrastructure, which prevents the existence

of a global market. Indeed, electricity markets mainly have regional reach compared

to other power markets, even though significant efforts have been made to expand

the grid to neighboring zones, with the goal of promoting competition (e.g. in Eu-

rope) (Burger et al., 2014). Secondly, demand and supply of electricity must always

be balanced because any disparity between consumption and production will lead

to divergencies from the standard operating grid frequency (50Hz), with the pos-

sibility of damaging generators or creating blackouts. Lastly, electricity cannot be

efficiently stored (non-storability property). However, pumped-storage hydropower

plants (PSHPs) represent the only technology available which allows the producers

to efficiently store large amounts of electricity over long time periods.

The presented features have a severe impact in prices as well as on the exchanged
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quantity. Clearly, the price of electricity is directly linked and dependent to those of

the primary energies used for production. Interesting to note is that it moves side

by side with current infeed from intermittent renewable sources. As a consequence,

different prices in different market areas are present, due to the limited geographic

grid-expansion. Also, the non-storability property might bring large price variations

for products with nearby delivery. In case it becomes hard to balance the demand

and supply curves, the price might become very large (excessive demand) or even

negative (excessive supply).

The electricity industry value chain is split in four different tiers, corresponding to

the four-stage vertical interdependent process required to both produce and distribute

electricity (Bonacina, Creti & Dorigoni, 2011). This can be presented as follows:

1. Generation, the primary conversion of chemical, atomic or mechanical energy

to electricity.

2. Transmission, the large-scale transport of electricity at high voltage. As trans-

mission lines are highly capital intensive, it is not economically efficient to du-

plicate them, leading to a majority of natural monopolies1.

3. Distribution, the connection between transformers and customers, practically

taking place at a lower voltage. For the same reason as the previous step,

distributors are normally operating under monopoly circumstances.

4. Supply. In the past, electricity retailing has been bundled together with distribu-

tion. However, after the liberalization of the electricity market, these activities

have been separated, creating the opportunity for a competitive market.

2.2 Liberalisation and Deregulation

Electricity sectors worldwide developed like vertically integrated geographic monop-

olies, which were mainly state-owned or privately-owned. They were subject to both

price and entry regulations as natural monopolies. The core components of electric-

ity supply, as presented above in the four-stage vertical interdependent process, were

almost always integrated under the same individual electric utility (Joskow, 2008).

Central regulation of this industry was considered necessary to maintain security of

supply as well as continuous and efficient electricity production. Particularly, the

1The economical reason behind this lays under the fact that marginal costs may create unsatis-

factory revenues needed for recoup of capital expenses.
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interdependent process enjoyed significant vertical economies that, in case of a unifi-

cation of the value chain functions and a respective transfer of those under different

companies’ control, would be ultimately lost (Bergman & Vaitilingam, 1999). Never-

theless, the electricity sector has been restructured in the last decades, going through

a deregulation and liberalization process, with the aim of creating and introducing

competition (Burger et al., 2014).

In the European Union, a lot of countries have liberalized the electricity sector after

the Directive 96/92/EC on the Internal Market in Electricity has been released. The

Directive set general rules for generation, transmission and distribution of electricity

in such a way that monopoly controllers stopped to use their market power to abuse

the different layers of the production chain (European Parliament, 1996).

The introduction and promotion of a competitive market improved cost efficiency,

increased the diversity of power supply but more importantly provided high benefits

to the end consumers, as this market structure usually implies a better resource allo-

cation (Griffin & Steele, 1986). Finally, classic microeconomic theory defines that in

market structures different from monopoly, prices would normally decline after com-

petition is introduced (Gravelle & Rees, 1992). This has particularly been the case in

the Nordics and more generally in Europe. On the cost side, the privatization reform

has generally allowed companies to register cost reductions without decreasing the

service quantity (Joskow, 2008).

After the liberalization of the electricity market, electricity providers are no longer

able to set the price at which they are willing to deliver one unit (in MWh) of electric-

ity. Prices are now determined under the demand-and-supply law (through bids to

buy and offers to sell), thus under economics and market mechanisms (Burger et al.,

2014). In addition, other factors contribute to the price calculation, such as the cost

of the primary energy used to produce electricity, countries regulation, local weather

patterns etc. (Takashima, Naito, Kimura & Madarame, 2007). Further focus on this

will be devoted later in this chapter.

As a result, electricity has now become a very volatile commodity, and the need for

risk management practices has arisen in order to cover market participants from price

risk and electricity spot exposures (Hanly et al., 2018). Accordingly, an increasing

number of financial instruments such as futures and forwards are being traded on

energy market exchanges, and understanding the different electricity products and

platforms is now harder (Hanly et al., 2018). The next section then provides the

reader with a useful handbook to set the base and capture the rationale for electricity

trading.
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2.3 Electricity Trading

As presented above, electricity is a very particular commodity, and its features – hard

storability and necessity for a transmission network – have impactful implications for

the available trading products and their prices (Burger et al., 2014).

The main products present in the electricity markets are delivery plans over a defined

period of time (or granularity) not shorter than the balancing period (explained more

thoroughly later) and most commonly set at one hour. Then, the electricity market

is split into different categories, as follows (Burger et al., 2014).

Forward and Futures Market

In the forward and futures market, participants operate with the aim of hedging their

open positions, and it is therefore the platform of interest for risk management pur-

poses. Additionally, it represents the market for active traders that take positions

and thus provide liquidity for hedgers (Burger et al., 2014).

The service period for electricity futures is not identified in a single delivery date, but

more in a delivery period, during which the variation margin must also be calculated.

Standard contracts have delivery periods of a day, week, month, quarter or year, and

are divided in: Baseload, with delivery taking place from Monday to Sunday between

00.00-24.00 and Peakload, with delivery taking place from Monday to Friday between

08.00-20.002. Particularly, the former refers to the case when there is constant power

delivered over the delivery period [T1, T2]; the latter when the delivered power is con-

stant in the predefined hours in which usually there is a high level of consumption.

However, for trading purposes, these contracts do not come to delivery but are rather

financially settled, meaning that the trader sells the futures contracts and gets back

the difference between the day-ahead price during delivery and the last settlement

price before the beginning of the same delivery period (Frauendorfer, 2019).

Another feature of the futures market can be identified in a procedure called

cascading. Very frequently, contracts having a long delivery period, e.g. a quarter or

a year, are further fragmented into futures contracts with a shorter delivery window,

e.g. a month or a quarter, and ultimately expire through the cascade process (Burger

et al., 2014). As shown in Figure 2.1, the yearly futures contract cascades down

into three different monthly futures as well as into the remaining three quarterly

futures contracts. This procedure further continues and applies for the other three

2Peakload hours are dependent on the market. The stated period is common in Central Europe.
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quarterly futures contracts as well (Burger et al., 2014). The rationale under the

cascading practice is that hedges can be made on contracts having a shorter delivery

windows compared to the original contract length, so that the energy covered in

the delivery period can be settled and matched with other contracts traded in the

respective registration period (the last eligible day for registration is the last working

day preceding the first day of the delivery period) (MEFF, 2020).

Figure 2.1: Cascading of a yearly futures contract. Source: Burger et al. (2014), own creation.

Spot Market (Day-Ahead and Intra-Day Markets)

Firstly, it is important to state that a pure spot market – per definition, the one for

immediate or very close delivery – cannot exist when referring to electricity products.

The reason lies under the presence of a transmission system operator (TSO), which

needs advanced notice to validate that the production schedule is viable and remains

inside the transmission power limits.

For this reason, the spot market is worldwide considered as both the day-ahead as well

as the intra-day markets. In the former are traded electricity products which will be

delivered during the next day. These products can be traded either as bilateral agree-

ments (OTC) or on a power exchange (Burger et al., 2014). On the other hand, the

latter is for products being delivered on the same day. The intra-day market does not

typically serve for pure trading purposes, but more for allowing producers to optimize

their generation dependent from their short-term load as well as to compensate for

short-term deviations from the original supply and demand forecasts (Frauendorfer,

2019). More specifically, between the bid submission on the day-ahead market and

the actual delivery start, both demand and supply might have changed. For instance,
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last-minute updates on weather forecasts may impact the electricity production due

to changes on expectations regarding wind, hydropower or solar plants infeed. In this

sense, this market predominantly exists for energy orderings optimization (Frauendor-

fer, 2019). As for the day-ahead, intra-day products can be traded either as bilateral

agreements (OTC) or on a power exchange (Burger et al., 2014).

The standard products in the spot market are generally baseload and peakload

contracts with daily, hourly and block3 delivery periods, as well as products with an

even finer granularity, such as 30 or 15 minutes. Moreover, hourly products are solely

traded in the spot market and represent the pricing basis for other products. Most

importantly, the spot market functions as the underlying instrument for the forwards

and futures market (Burger et al., 2014).

Balancing and Reserve Markets

For balancing and reserve markets, a univocal definition is not applicable, as they

largely depend on country-specific regulation. In this thesis, the definition presented

by Burger et al. (2014) is considered, which defines the balancing market as “the

market where a merchant purchases or sells the additional energy for balancing his

accounting grid”, and the reserve market as “the market allowing the TSO to purchase

the products needed for compensating imbalances between supply and demand in the

electricity system at short notice”.

Therefore, the TSO plays a pivotal role in these markets. Since merchants are not

able to exactly predict the demand of their customers, there must be a responsible for

balancing the transmission system at any time. That is, the TSO has to guarantee

a constant power frequency (Burger et al., 2014). A variation in the frequency, indi-

cating a shortage or a surplus of electricity in the system, is seen as a warning light

by the TSO and needs to be stabilized. As such, the operator either directly charges

the producer (or the retail customers) who delivers a less-than-demanded amount of

electricity with transmission fees, or remunerates the producer who delivers a more-

than-demanded load. Divergences that cannot be balanced inside a control area are

compensated via the operating reserve provided by flexible power plants, e.g. PSHP,

that are able to correct their production rapidly (Frauendorfer, 2019). However, since

the TSO normally does not own generation capacities itself, it is required to buy prod-

ucts at short notice, which allow production increases or decreases in its transmission

system (Burger et al., 2014).

3Block contracts are electricity contracts implying a constant power delivery over several delivery

hours.
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In addition to the main task of balancing electricity demand and supply, it is just

as important that the TSO is always able to control a sufficient generating and line

capacity to ensure that the offered quantity can sustain unexpected demand spikes

(Unger, 2002).

Figure 2.2 illustrates the electricity trading time-process. In the futures and for-

wards market, taking monthly futures as a simplifying example, instruments can be

traded up until the end of the month prior to delivery (Frauendorfer, 2019). After

that, at 10.00am CET the available grid capacities are published, merchants then have

until 12.00am CET to offer their final bids for the day-ahead auction. In the auction,

hourly prices for electricity for the next day (delivery day) are set accordingly (Nord

Pool, 2019). At 3.00pm CET4, the intra-day trading begins, leading to continuous

transactions of hourly products (or with shorter granularity), for the balancing rea-

sons explained above (EPEX, 2018). The intra-day market goes on until gate closure,

which normally takes place between 45 and 5 minutes prior to delivery (differences

can be found in specific countries’ power exchanges). Finally, the previously agreed

amount in MWh of electricity is physically delivered (Frauendorfer, 2019).

Figure 2.2: Timeline of electricity trading. Source: Frauendorfer (2019), own creation.

2.4 Price Dynamics

As mentioned above, and differently than other commodities, electricity cannot be

directly stored. For this reason, generation (supply) and consumption (demand) have

to perfectly match at all times. If deviations from schedule occur, the balancing power

comes into play and compensates the imbalances (Burger et al., 2014).

4This is specifically for the EPEX Spot market, but it is generalized for understanding and

simplicity purposes.
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In each delivery interval, prices can be seen as the price level that equilibrates the

bid and the offer curves. However, the majority of the fundamental market models

return the whole system’s price equilibria taking into account the physical demand

and supply, which not always corresponds to the bid and offer in the spot market.

Moreover, price differences in different market areas normally occur, due to limited

geographical interconnection between power grids (Burger et al., 2014).

2.4.1 Demand

Electricity is a safe and clean commodity and it does not produce waste from end

users’ consumption (pollution is only produced at the producer’s level). Also, the non-

storability property makes it instantaneously available and easily controllable (Unger,

2002). As such, it is fundamentally required in every area of our lives, from house-

holds to production plants, and thus it has ultimately become an essential driver in

the global economy (Ku, 1995). The primary final consumers are identified in indus-

try (33%), households (26%), services industry (26%) and a smaller residual category

(4%). The remaining 11% is split between the energy sector (4%) and the losses

coming from distribution and transmission (7%) (Burger et al., 2014).

Demand of electricity heavily fluctuates over time, with recurrent daily, weekly

and seasonal trends as well as noteworthy geographical differences. On the same

note, consumers behavior significantly impacts electricity demand as well, e.g. air-

conditioning or heating needs (Burger et al., 2014). Essentially, demand changes are

driven by weather conditions and climate. For instance, in Europe the highest peak

is usually registered during winter months, due to extra heating requests; whereas in

California demand peaks take place during summer months, because both humidity

and excessive heat increase air-conditioning needs (Unger, 2002).

More generally, electricity demand is very much dependent on the following key fac-

tors. Firstly, demand patterns typically follow seasonal trends. This is identified

on the different amount of daylight hours, production plants adjusting their output

by season, and households’ demand for heating and cooling. Secondly, strong differ-

ences are found in terms of the activities pursued during the weekdays and weekend

days. Then, irregular sectoral non-work or limited-activity days play a role as well.

For instance, during public and school holidays, electricity demand from the broad

industry is normally lower, whereas it increases for households. The specific hour

of the day needs also to be considered on the load curve level, as electricity follows

daily patterns which can return higher demand during the day (e.g. peakload hours)

and lower demand during the night. Last but not least, external weather is crucial
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when measuring the electricity demand. Environmental temperatures, wind speed

and other infeed impacting renewable plants largely drive electricity needs (Burger et

al., 2014).

In conclusion, since costs associated with unserved energy are generally signif-

icantly high, together with the fact that for many production sectors the value of

lost load can amount up to ten times the normal electricity price, demand is thus

defined as inelastic to price changes (Woodley & Hunt, 1997). The inelasticity is a

common characteristic of necessary goods, as substitutes are few and hard to obtain.

Electricity and power are defined inside this category, as they represent vital goods

considered as essential for the modern society (Pöyry, 2010).

2.4.2 Supply

Different technologies are available to generate electricity, mainly because there are

regional differences regarding resource availability, political preferences as well as in-

centive schemes for particular technologies (Burger et al., 2014). Table 2.1 illustrates

a broad division of the primary sources used for electricity generation in the Euro-

pean market. Conventional thermal plants and nuclear power normally function at

constant power. As a consequence, to meet the unpredicted demand changes, hydro

storage and PSHP are used. For instance, PSHPs pump water from the lower to the

upper reservoir during night hours, when the demand is normally inferior. This cre-

ates coverage for potential excess demand, as water capacity is available in the upper

reservoir and is ready to generate power. As a normal convention, PSHPs raise water

in the upper reservoir when the price is low (corresponding to low demand hours)

and keep it for future generation when the price increases (when demand surges)

(Frauendorfer, 2019). On the other hand, renewable sources produce electricity in

correspondence to daily resource availability, e.g. wind, sunlight, water flows, snow

melt etc. (Burger et al., 2014).

Between a wide range of price drivers coming from the supply side, the most im-

portant one is to be identified as the structure of the generation system. Production

plants improve and develop very fast over time, since new and more efficient tech-

nologies are applied on power generation engines, e.g. the relatively recent advent of

renewable energies. On the other hand, inside an existing generation system, different

market structures as well as single market participants’ behavior directly impact the

supply curve. Particularly, price equilibria coming from markets characterized with

perfect competition are based on short-run marginal costs (Burger et al., 2014).
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Technology

Conventional Thermal 50.0%

Coal 29.2%

Natural gas 46.6%

Lignite 19.4%

Oil 4.8%

Nuclear 27.2%

Renewables 20.0%

Hydropower (non-pumped storage) 53.7%

Biomass 10.3%

Biogas 4.0%

Renewable waste 4.7%

Solar 3.7%

Geothermal 0.8%

Wind 22.8%

Hydropower (PSHP) 1.4%

Derived Gas 0.9%

Other 0.5%

Total 100.0%

Table 2.1: Electricity generation sources in Europe. Source: Eurelectric (2012), own creation.

As showed in the demand section, also the supply side is characterized by several

key factors that are significantly impacting the price formation. These can be listed

as: -weather, which is explained more thoroughly on 2.4.2.2; -plant availability, as it

might occur that plants are shut down due to maintenance or unplanned outages;

-fuel prices, as a notable part of the electricity is directly produced from fuel sources;

-CO2 prices, as carbon allowances have become a new production input since the

introduction of the EU ETS5; -emission constraints impacting power plant generation

and thus wholesale prices; -operational constraints, such as load rates and technical

restrictions, as well as plant dispatch limits imposed by the grid operator; -reserve

market, as explained in paragraph 2.3; -transmission tariffs (Burger et al., 2014).

2.4.2.1 The Merit Order Curve

A widely common methodological approach when considering the price formation is

the merit order curve. Theoretically, it is defined as the fundamental supply curve

in a specific market, described following a cost-based method (Burger et al., 2014).

5The European Emissions Trading Scheme introduced in 2005 is the first and the biggest carbon

market in the world.
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Alternatively, it also represents a description of all the generation units, ranked by

their marginal cost of production. Power stations deliver electricity to the market in

a sequence in which the lower running costs set the point of departure, and rises as

the marginal costs increase accordingly (Appunn, 2015). Actually, even though the

ranking is based on several different factors, it is conventional to mainly consider the

marginal production cost. Figure 2.3 provides a visual explanation of the merit order

curve. From the chart, some key takeaways can be extracted.

Figure 2.3: Merit order curve and vertical demand. Source: Frauendorfer (2019), own creation.

Firstly, plants with the lowest marginal costs are the first to be brought online, and

they serve to cover the baseload. Moreover, these plants are normally the least flexible,

indicating that they either need to produce a constant amount of power or have a high

response time. The intermediate load is produced by units with medium marginal

costs, e.g. coal. The end right hand side instead is used for serving peak load hours,

which have to be satisfied by flexible plants, as these loads are very volatile (Unger,

2002).

Secondly, the vertical electricity demand estimate and its intersection with the sup-

ply curve lead to an equilibrium where the marginal cost meets the demand, and

ultimately determines the market clearing price (MCP) (Frauendorfer, 2019). Then,

the merit order curve method creates an estimate of the market equilibrium price

for a particular time interval. This approach, if continuously reiterated, yields the

estimation of hourly price curves (Burger et al., 2014).

The MCP is widely defined as the price of a commodity at which the market “clears”

both demand and supply. The price is determined by the bid-ask process of buyers

and sellers and it represents that particular value equaling both the highest price the

former is willing to pay as well as the lowest price the latter is willing to accept (Bodie,

Kane & Marcus, 2011, p. 326). In the merit order curve, the differences between pro-
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duction costs are mainly due to differences on the technology and on the fuel used

(Pöyry, 2010). Referring to traditional microeconomics theory, it can be shown that

the plant with the most cost-efficient production technology is able to extract the

highest profit, which is ultimately given by the difference between the MCP and its

marginal cost. Such profit will then decrease and cancel out as soon as less efficient

technologies are coming into play (Mankiw, 2014).

2.4.2.2 The Advent of Renewables

During the last two decades, global awareness on pollution and non-sustainable pro-

duction techniques have surged. Particularly, major movements rose, and major

legislation changes took place. For example, the German market for electricity has

been re-regulated by the Renewable Energy Act (Erneuerbare Energien Gesetz, or

EEG), which granted first priority to renewable energy sources through feed-in taxes

(Frauendorfer, 2019). These are seen as payments that generators of renewable power

receive for each KWh produced, and thus serve at reducing their energy production

costs, compared to traditional power plants. Without this mechanism, renewable

plants like solar or wind farms, would have faced strong difficulties competing with

other sources which were able to produce electricity more cheaply under the previous

regulation (Appunn, 2014). As a result, the massive growth in electricity production

from renewable sources has started to lower electricity market prices. The inelastic

demand further contributed to this trend, as small changes in the supply normally

result in major price changes. Figure 2.4 pictures this result referring once again to

the merit order curve: the addition of renewable sources into the power generation

mix affects the supply curve which further shifts, and due to market dynamics ulti-

mately determines a new price (Appunn, 2014).

Another impactful feature of the energy conversion is that renewables have first

priority on the power grid. This means that electricity generated from photo-voltaic,

wind, hydro and biomass has favor entrance on the grid, before conventional power

plants. Additionally, in periods of excess supply, traditional plants must reduce their

production, so to prioritize the usage of energy coming from renewable plants which

must not be disconnected (Appunn, 2014).

However, even though the MCP has lowered down, the price paid by end consumers

has gone the opposite. The effect is orchestrated by the EEG surcharge, the mech-

anism that finances the feed-in taxes. Particularly, it is calculated as the wholesale

market price on the electricity exchange minus the greater remuneration rate for re-

newable power production (Paraschiv, Erni & Pietsch, 2014).
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Figure 2.4: Merit order curve and vertical demand with renewable power plants. Source:

Frauendorfer (2019), own creation.

2.4.3 Price Seasonality

This sub-section serves to summarize and highlight the seasonality patterns of elec-

tricity spot prices, as a result of the presentation of both demand and supply price

determinants.

First of all, Figure 2.5 shows how day-ahead daily prices (daily spot prices) follow the

seasons of the year. Hence, it is evident to see how during summer, electricity prices

are smaller than winter prices, mainly due to a lower demand level (e.g. less heating

and indoor light). Moreover, also the supply might be altered during summer, i.e.

renewable sources such as PSHP and photo-voltaic are heavily impacted from snow

melt and hours of sunlight, respectively.

Figure 2.5: Daily spot prices over 365 days (year: 2015). Source: Montel (2020), own creation.
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Then, Figure 2.6 illustrates the daily price trend comparing weekdays and weekend

days. As already explained above, prices are normally higher during weekdays, since

there is a greater demand of electricity coming from e.g. open industries.

Figure 2.6: Daily spot prices over the week (date: July 2019). Source: Montel (2020), own

creation.

Electricity price patterns are quite evident also when considering different hours of the

day, as highlighted in Figure 2.7. Again, this is mainly due to a higher energy demand

during peak hours (8.00-20.00) compared to night hours. The reason generally lies

under the fact that industries, the major electricity consumers, are closed or do not

produce during the night.

Figure 2.7: Hourly spot prices over one day (date: 12 December 2019). Source: Montel (2020),

own creation.
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Finally, weather also plays a very significant role on daily electricity prices. This

variable is already included in all the other determinants presented above, such as

temperature for the seasons, sunlight and night hours, as well as different atmospheric

events, which all directly impact electricity needs. However, weather has to be con-

sidered also from the supply side. Renewable power plants have made day-ahead

markets even more volatile, due to very fast changing weather conditions e.g. strong

winds and heavy rainfalls. Figure 2.8 captures this by showing that hourly prices can

even become negative. For instance, this might occur when massive wind infeed is

registered during night hours, namely when very high excess supply occurs exactly

during periods of very low demand. In these circumstances, since shutting down gen-

erators is largely expensive, production plants might prefer to operate at negative

prices (Frauendorfer, 2019).

Figure 2.8: Negative spot prices (date: December 2012). Source: Montel (2020), own creation.

2.5 Electricity Exchanges

During recent years, an increasing amount of countries moved from only having a spot

market to founding electricity exchanges. These are highly populated by derivative

instruments, whose trading volume has become greater, mainly for risk management

purposes (Burger et al., 2014).

The following sub-sections present only the most important as well as the relevant

electricity exchanges for the thesis, but a lot more are existent.
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2.5.1 Nord Pool

Nord Pool is an international electricity exchange present in Northern Europe. Its

history dates back to the Norwegian electricity market’s deregulation (1991), after

which Statnett Marked AS was founded as a market for physical contracts (1993).

After that, the Nord Pool ASA has been created as a result of the merger between the

Norwegian and the Swedish power exchanges. Later in 2000, Denmark joined as well,

making an official unification of the Nordic countries (Finland joined 2 years before);

two years later, the Nord Pool Spot was created as a separate entity for short-term

contracts. Concerning the derivatives market, Nord Pool Spot sold it to NASDAQ

OMX Commodities (2008). Lately in 2016, the exchange has been rebranded as Nord

Pool (Nord Pool, 2019).

Nowadays, the Nord Pool runs one of the principal power markets in Europe and

offers both day-ahead (Elspot) and intra-day (Elbas) markets (Nord Pool, 2019). The

former is based on an auction system, which determines two aggregate curves: de-

mand and supply. The outcome of the intersection between the two curves is the

(hourly) spot price, also called system price (Burger et al., 2014). The latter operates

after the Elspot results have been published and offers continuous power trading until

one-hour pre-delivery (Nord Pool, 2019).

In 2019, a total of 494 TWh of electricity have been traded in the Nord Pool.

Particularly, the power has mostly been exchanged in the Nordics and Baltics day-

ahead markets (381.5 TWh), followed by the UK day-ahead market (94 TWh) and

ultimately in the Nord Pool intraday market (15.8 TWh) (Nord Pool, 2020).

Considering how the electricity is generated in the Nordic countries (Denmark, Swe-

den, Norway and Finland), the power production can be divided between the follow-

ing plants: 70% from renewable sources (of which hydro for 54%6, wind for 9%, and

biomass for 7%), 21% from nuclear, 7% from solid fuels, 2% from natural gas and 1%

from non-renewable waste (European Commission, 2018).

2.5.2 NASDAQ OMX Commodities Europe

The birth of the NASDAQ OMX Commodities Europe goes back to 1993, when a

market for forwards with physical delivery was established in Norway by Nord Pool

AS. As also mentioned in the previous paragraph, the NASDAQ OMX Commodities

Europe acquired the financial market’s business from Nord Pool in 2008 (Burger et al.,

6The high percentage of electricity production from hydroelectric plants is mainly due to the

Norwegian market, which produces 95% of the total energy production through hydro sources.
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2014). Today, this is the single financial energy market for the Scandinavian countries,

and it comprises of futures, forwards, options as well as CfDs7. It offers contracts with

maturities up to ten years, and it trades those for daily, weekly, monthly, quarterly

and yearly deliveries (Nasdaq, 2020).

Futures contracts, the derivative instruments used in this thesis, are settled through

a daily mark-to-market settlement and the resulting system price (spot) serves as

the reference cash settlement after the contracts’ expiration. As explained above,

these contracts are characterized by the cascading procedure, starting from years to

months (Burger et al., 2014). In addition, NASDAQ OMX Commodities Europe

offers clearing services both for exchange and OTC traded contracts (Nasdaq, 2020).

2.5.3 European Energy Exchange (EEX)

The EEX is headquartered in Germany and it represents the leading power market

in Europe. It was created in 2002 as a result of the merger between two German

power exchanges, Leipzig and Frankfurt. In 2008, the EEX began its acquisitions era

by incorporating the French Powernext (EPEX SPOT was created), for then moving

on absorbing the Power Exchange Central Europe (2016) and ultimately becoming

the biggest market for power trading volumes. Nowadays, EEX provides clients with

both market platforms as well as clearing services (the latter is performed through

its subsidiary ECC) (EEX, 2018).

The EEX Power Derivatives market offers trading in energy derivatives instruments

for cash settled futures contracts with delivery periods of a month, quarter and year

(German area). As for the NASDAQ OMX Commodities Europe, the futures con-

tracts are marked-to-market daily and follow a cascading process as well. For instance,

the last payment for monthly futures is calculated as the difference between the final

settlement and the previous trading day prices. By definition, the final settlement

price is given by the average of the related EPEX SPOT prices (EEX, 2020). Gen-

erally, the underlying product of the financially settled futures is the result of the

day-ahead auction taking place in the EPEX SPOT market. A peculiar regulation of

this market is that quarterly futures can only be traded until 3-days prior delivery,

whereas for the other products, the expiring date is set at 1-day before (EEX, 2020).

The EEX power spot market reached a traded volume of 576.6 TWh in 2018,

including 494.1 TWh traded in the day-ahead and 82.5 TWh in the intra-day. On

7CfDs are contracts for differences, which are contracts between two parties where the buyer is

obliged to pay to the seller the difference between the current value of an asset and its value at the

time of the contract (Bodie et al., 2011).
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the power derivatives market, the registered load has been 4,385.5 TWh (globally), of

which 1,934.5 TWh were exchanged in the German Phelix-DE product (EEX, 2019).

For the latter, electricity production can be further divided by the power plant’s

source (2018 figures): of the total generation, 40% has been produced from solid fu-

els, 30% from renewable sources (12% wind, 8% biomass, 6% solar and 4% hydro),

14% from natural gas, 13% from nuclear, 2% from oil and the remaining 1% from

non-renewable waste (European Commission, 2018). Finally, it is easy to see how

significant the difference between the Nordic and the German production sources is,

crucial trait to consider when looking at electricity price differences between regions.

This chapter has drawn a full picture around the market for electricity, with

the aim of providing a solid base for extensively understanding how this particular

commodity is produced and exchanged. Specifically, an initial overview of the market

has set the tone to move forward on how the field has been deregulated and liberalized.

Then, different markets for electricity trading together with price formation patterns

have been presented to set the scope of the thesis. A distinct consideration on the

price seasonality as well as on the high volatility has been significant to give a rationale

for building the following chapters. Concluding, a quick overview of the electricity

markets considered in this thesis has been specified.
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Risk Management

As presented in the previous chapter, the electricity market is characterized by high

uncertainty on both demand and supply sides. While this characteristic is recurrent

in all commodities markets, the retailers can usually cover uncertain demand by using

storage; in the electricity market the non-storability of energy means that producers

have to bear both quantity and price risk. This feature, in addition to seasonality

impacts, makes this power market more volatile than other commodities.

In this context, the design of more accurate risk management models has become a

main issue (Souhir, Heni & Lotfi, 2019). Risk management instruments appear to

be essential at both investor and corporate levels, since they provide more certainty

about the cash flow.

This chapter is divided as follows. Firstly, the hedging concept is briefly explained.

Secondly, optimal hedge ratios (OHRs) are presented and sectioned amongst the

mostly used theories on which they rely on: minimum-variance and mean-variance.

Then, a clear division between the static and dynamic strategies will be highlighted

to provide an exhaustive segmentation of the field. Finally, the theory under the

futures contracts is covered to allow the reader to fully embrace how these financial

instruments operate and which risks they imply.

3.1 Hedging

Risk management involves a wide range of financial transactions. As demonstrated

by Modigliani and Miller (1958), in the case of perfect financial markets, covering

from financial risk is meaningless. However, when markets are not perfect, these

transactions may have some impacts on decisions and expected values (Haushalter,

2000).

Risk management activities refer to strategies aimed at accomplishing a desired return



28 Chapter 3. Risk Management

by taking into account its implied risk. One of the most common strategies is the

adoption of hedging schemes (Souhir et al., 2019). This practice refers to those

financial operations used to reduce risk (Collins & Fabozzi, 1999); in particular, they

are intended as strategies designed to protect the value of the investments through

embracing positions in the derivatives market, whose value is expected to change in

the opposite direction compared to the underlying asset (Bodie et al., 2011, p. 675).

Frestad (2012) defined hedging as a “trade-off between various degrees of exposure to

the underlying price risk and some new form of exposure”. The difference between

the prices of the fundamental and the hedging instrument tends to be quite volatile

and is called basis risk. Nonetheless, hedgers are prone to take this risk in order to

eliminate the price risk (Frestad, 2012). In this context, investors are not referred

as risk averters but rather as risk selectors and the hedging strategies have been

perceived like “speculating on the basis” (Castelino, 1992).

Financial instruments such as forwards, futures and swaps are commonly used for

hedging purposes (Hull, 2012). This thesis will place its focus on the hedging schemes

that only consider futures instruments, as mentioned in sub-section 1.3.

According to Johnson (1960), the hedger is seen as a dealer who desires to insure

against the price risk she deals with. For instance, if she owns a unit of a commodity

at a given spot price and its value falls, she may suffer from a capital loss. As the

theory suggests, these dealers can protect themselves from such a price-fluctuation

risk by selling a number x of futures contracts (Hull, 2018, p. 162). As a result, if

the net change in the portfolio value becomes zero, i.e. the change in the spot price

is exactly equal to the change in the futures price, the loss in one market is offset by

the gain in the other. That is, the hedging may be defined as perfectly effective if

this equation holds:

St − St−1 = h(Ft − Ft−1) (3.1)

Where St and St−1 are the spot prices and Ft and Ft−1 are the future prices both at

time t and t − 1, respectively. h is then the number of futures contracts needed to

match spot and futures prices differences (Johnson, 1960).

3.2 Optimal Hedge Ratios

The optimal hedge ratio (OHR) is a fundamental parameter in risk management anal-

ysis, intended at reducing the price risk (Hatemi-J & El-Khatib, 2011).

Traditional hedging theories have focused on the potential of futures markets to pro-

tect the portfolio from this risk. In particular, traditional hedgers were supposed

to trade-off spot positions using future instruments with the same magnitude. This
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theory relied on the assumption that spot and futures prices generally move together

(Ederington, 1979). Working (1953) proposed his opposite interpretation in which

hedgers expect that the spot-futures price relationship changes along time. At this

point, one of the most important issues is represented in defining the OHR, namely

the number of futures used to hedge a unitary spot position (Hull, 2012).

Different streams of the theory have been proposed with the aim of determining the

appropriate amount of futures, differing from each other by the objective function

to be either maximized or minimized (Chen, Lee & Shrestha, 2003). According to

Chen et al., (2003), the most widely used hedging model is derived from the variance

minimization of a portfolio comprised of the instruments’ combination. Although it

may work logically, and it has been largely used for its simplicity in application and

understanding, this model does not seem to take into account the utility of the hedger.

The second most important school of thought relies on the mean-variance framework.

However, in order to be consistent with the expected utility maximation principle, the

mean-variance model should consider the utility function as being quadratic or the

returns need to be jointly normally distributed (Chen et al., 2003). Several authors

such as Cecchetti, Cumby and Figlewski (1988) and Lence (1995), set the optimal

hedge ratio as the one which maximizes the utility function, but they used some spe-

cific assumptions regarding both the utility and the return distributions.

These strategies mainly differ by the objective function used to determine the OHR.

Additionally, diverse existing studies further take into consideration the dynamic na-

ture of this ratio. In particular, some researchers used unconditional probability

distributions to derive a ratio which results to be static over time; whereas others re-

lied over assumptions which considered the OHR a changing factor (Chen et al., 2003).

Again, the idea behind the concept of hedging is to combine two different positions

in the same portfolio: one spot and a number of HR futures contracts. The rationale

under this process is to reduce potential fluctuations in the portfolio value. Since

futures contracts are used to hedge the portfolio, and the spot position is considered

being long, opening a short position in the former is required. Therefore, the return

rt of a portfolio P is given by:

rp,t = rs,t −HR(rf,t) (3.2)

Where rs,t and rf,t are the spot and futures returns at time t, respectively.
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3.2.1 Minimum-Variance Hedge Ratio

The minimum-variance specification expects that the portfolio variance, which mea-

sures the whole portfolio risk, has to be minimized (Chen et al., 2003). According to

Johnson (1960), a hedge ratio calculated as such, minimizes the price risk of holding

a portfolio jointly composed by spot and futures contracts.

The returns’ variance of a portfolio P is defined as follows (Evans & Rosenthal, 2010):

σ2(rp,t) = σ2(rs,t) +HR2σ2(rf,t)− 2HRcov(rs,t, rf,t) (3.3)

By solving the following minimization exercise with respect to HR:

min
HR

σ2(rs,t) +HR2σ2(rf,t)− 2HRcov(rs,t, rf,t) (3.4)

Rearranging equation 3.4 for HR, the result from the minimization is (Ederington,

1979):

OHR =
cov(rs,t, rf,t)

σ2(rf,t)
= ρ

σs
σf

(3.5)

Where ρ is the correlation coefficient between the returns of the spot and the futures

positions and σs and σf are the standard deviations of rs and rf , respectively (John-

son, 1960). Although this method is easy to understand and to apply, it does not

take into account any utility. The only situation in which this model is consistent

with the concept of utility maximization is either when the investor is infinitely risk

adverse or the return of the futures is expected to be zero (Chen et al., 2003).

3.2.2 Mean-Variance Hedge Ratio

According to Hsin, Kuo and Lee (1994), pure risk-avoidance hedging strategies do

not take into account the existing trade-off between risk and return. They found

the optimal hedging strategy with futures contracts to be the one that relies on

the concept of expected utility maximization (Hsin et al., 1994). The returns are

expected to be normally distributed and the utility function to be negative continuous

and strictly concave. Moreover, all portfolios can be ordered in terms of mean and

variance.

The proposed model then aims to maximize the utility function (Hsin et al., 1994).

In this way, both risk and return are considered in the determination of the hedge

ratio, such that:

max
HR

V [E(r), σ;A] = E(rp)− 0.5Aσ2
p (3.6)
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Where V is a monotone increasing utility function and A is a measure of risk aversion.

As such, the OHR is derived from the first order condition of equation 3.6:

OHR = −

[
E(rf )

Aσ2
f

− ρ
(σs
σv

)]
(3.7)

By doing this exercise, the hedger can choose a subjective marginal rate of substitu-

tion between risk and return (Hsin et al., 1994). However, the main problem with

this model is represented by the determination of the coefficient A, given that each

individual has different degrees of risk aversion, ultimately making the OHRs hetero-

geneous. Only in the case of an extremely risk averse hedger the HR will be equal as

the one computed through the minimum-variance model (Chen et al., 2003).

Nevertheless, it is important to underline that even though this strategy also consid-

ers the return while computing the HR, it will be consistent with the expected utility

maximization principle only if the returns are either jointly normally distributed or

the utility function is quadratic (Hsin et al., 1994). Since such a method would re-

quire making assumptions about the returns distribution and would imply different

hedge ratios according to different utility functions adopted (Chen et al., 2003), the

minimum variance HR will be adopted in this thesis.

In addition to the decision on the function to be optimized, another relevant aspect

of the HR determination is its dynamic nature. The available options to the hedgers

are two: a static or a time-varying HR. In particular, while a static HR assumes

that the number of futures is kept fixed throughout the entire hedging horizon, a

dynamic HR is updated periodically as new information is available. Hence, the static

strategies are not dependent to new information sets, i.e. the moment underlying the

equation are unconditional.

The most commonly used model to estimate a static OHR is the ordinary least squares

(OLS) regression, which will be presented in Chapter 6 (Chen et al., 2003). On the

other hand, dynamic hedging strategies need to rely on models capable to effectively

master the conditional probability distribution, such as the ARCH and the GARCH

(Chen et al., 2003).

3.2.3 Dynamic Case

Most of the existing literature assumes that the HR is constant over time. However,

this restriction is too limiting since there are multiple reasons why the HR might vary

under the same timeframe (Hatemi-J & El-Khatib, 2011). Several models specified on

linear time series do not take into account numerous common qualities of financial se-

ries. Indeed, many financial return series are characterized by time-varying volatility
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and leptokurtosis (Bai, Russel & Tiao, 2003). Baillie and Myers (1991) demonstrated

that estimating a constant HR may be not appropriate when the joint distributions of

futures and spot prices are time-varying. In this context, the most important feature

to watch for is known as volatility clustering or volatility pooling, which are defined

as the tendency “of large changes to be followed by large changes, of either sign, and

small changes to be followed by small changes” (Mandelbrot, 1967). In other words,

today’s volatility has a positive correlation with yesterday’s (Brooks, 2008, p. 387).

Thus, hedging strategies that do not take into account this predictability may provide

suboptimal hedging decisions (Miffre, 2004).

Typically, the HR is computed by considering a single timeframe. However, a

multiperiod arrangement seems more appropriate in order to reflect a usual hedging

practice. In this situation, the hedger updates the HR as soon as new information

arrives. The decision on the HR is made in a subsequent moment, meaning that HRt

is based on the information arisen until today. Now, the HR is based on conditional

moments, thus it can be derived from the time-dependent covariance matrix of spot

and futures assets instead than from unconditional information (Lien & Luo, 1993;

Chang, McAleer & Tansuchat, 2011).

The variance of a hedged portfolio, conditional on the information set at time t − 1

is defined as (Baillie & Myers, 1991):

σ2(rp,t|Ft−1) = σ2(rs,t|Ft−1) +HR2
tσ

2(rf,t|Ft−1)− 2HRtcov(rs,t, rf,t|Ft−1) (3.8)

Where σ2(rs,t|Ft−1), σ2(rf,t|Ft−1) and cov(rs,t, rf,t|Ft−1) are the conditional variances

and covariance of spot and futures. As the ultimate intention of the hedgers can be

defined on the minimization of the portfolio conditional variance σ2(rp,t|Ft−1), taking

its partial first derivative and equaling it to zero, leads to an OHR conditional on the

information at time t− 1:

OHRt|Ft−1 =
cov(rs,t, rf,t|Ft−1)
σ2(rf,t|Ft−1)

(3.9)

Therefore, it is noticeable that the HRs calculated using time-varying conditional

moments need to be recomputed over time. The implementation of such a theory

can be pursued through conditional models that consider the new information inside

their formulas, as ARCH and GARCH (Chen et al., 2003).
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3.3 Futures Contracts

Futures and forward contracts on stocks, debts and commodities are the most impor-

tant risk-management tools. The futures market is seen as a mechanism to transfer

the risk from one group to another (Johnson, 1960). This kind of contracts is defined

as an agreement between two parties over a specific asset, that will be traded in the

future at a predefined term and price agreed upon today (Bodie et al., 2011, p. 665).

Futures do not have direct exposure to the commodity itself, but they can be seen

as bets on the expected value of the underlying spot price (Gorton & Rouwenhorst,

2006). Since this price is unknown in the future, this contract represents a way to

lock the terms of a future transaction today. As such, the value of these derivatives

directly depends on the value of the underlying asset or commodity (Johnson, 2017).

This sub-section provides a concise explanation of futures contracts together with a

first link to electricity as a commodity. Moreover, the differences between futures

and forwards are presented. Here, the intention is not to be exhaustive over futures

contracts theory, but to deliver a more comprehensive and complete picture of the

risk management field, inside this thesis’ scope.

In theory, futures contracts call for a delivery of the commodity at a specific

maturity date for an already agreed price, widely referred as the futures price. The

futures contract’s delivery can occur either physically or financially. Even if the

futures instrument actually arrives at the delivery date, the underlying asset itself

is rarely physically delivered. Indeed, the two parties usually close out their open

positions before the delivery actually occurs and take their respective gains or losses

(Bodie et al., 2011, p. 665). For instance, the percentage of contracts resulting in

physical delivery ranges from 1% to 3% (Bodie et al., 2011, p. 671). At the time

when buyers and sellers sign the contract no money is effectively exchanged, namely

the futures does not have a “purchase price” (Gorton & Rouwenhorst, 2006). So, the

gain/loss at maturity of the futures holder can be simply expressed as (Bodie et al.

2011, p. 666):

πlong = S(T )− F (3.10)

πshort = F − S(T ) (3.11)

Where S(T ) is the spot price at maturity and F is the original futures price. The

futures contract is then a zero-sum game: each long position is offset by a short

position and vice versa (Bodie et al., 2011, p. 666).
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3.3.1 Trading Mechanism

As soon as the trade is settled between the parties, the clearing house enters in the

transaction. This entity plays the role of a guarantee between the buyer and the seller

and its positions net to zero, so do not impact on the calculation of the open interest.

This task falls under the NASDAQ OMX Commodities Europe for the Nordic market

and the European Commodities Clearing (ECC) for the EEX market.

Market operators’ losses and profits are registered through a process known as mark-

to-market. At time 0, the two parties set up a margin account that can be composed

by both cash and cashable securities. Usually, the initial margin ranges between

5% and 15% of the total contract value, with the figures depending on the asset’s

volatility: the higher the risk, the higher the margin (Bodie et al., 2011, p. 672).

The reason behind this process is to recognize profits and losses, which accrue on a

daily basis instead on the maturity date. The existence of a margin account is one

of the major differences between forwards and futures contracts; indeed, the forwards

imply that the settlement only occurs on the maturity date and no money is traded

until that exact day (Bodie et al., 2011, p. 665). One critical characteristic of the

mark-to-market process is what is known under the name of maintenance margin.

This is defined as the account’s floor value below which the trader receives a margin

call, indicating that she must inject money. By doing so, the clearing house ensures

that positions are closed before the account might be exhausted (Bodie et al., 2011,

p. 671).

3.3.2 Futures Pricing

Futures markets allow investors to dispose of several tools to hedge their spot positions

against price volatility. These differ for both contract length and delivery period.

Generally, traders are able to take two hedging positions: a long hedge or a short

hedge. In the former, the trader enters a long position in the futures to protect

against a potential increase of the underlying asset’s price, whereas in the latter the

investor opens a short position in the futures market to protect against a potential

price decrease (Johnson, 2017).

Theoretically, hedging works since spot and futures prices are directly linked to each

other and tend to move in tandem, ultimately converging as the contract approaches to

the delivery date (also known as convergence theory). Although the difference between

the spot and the futures price may become either wider or narrower, the risk of adverse

changes in their relationship is generally less than that of an unhedged position, since

the two contracts tend to move relatively dependently (Johnson, 2017). Hence, the
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relationship amid these two contracts is highlighted by the difference between the

futures and the spot price such that:

Basist = St − Ft (3.12)

The two prices tend to be correlated, following a similar price trend (ρ close to 1); as

a consequence, the basis does not normally exhibit adverse spikes over time (Johnson,

2017). Typically, the basis is negative since the futures price is higher than the spot

price while the derivative contract approaches its underlying price at maturity. Such

a market is referred to be in contango and particularly occurs when the commodity

demand decreases, and the inventory level increases (Burger et al., 2014). On the

other hand, a market in which the basis is positive and thus the futures price tends

to increase over time is referred to as backwardation. It normally occurs when the

demand for the commodity is high and the inventory level is low (Burger et al., 2014).

Furthermore, as Pindyck (2001) demonstrated, backwardation is more likely to occur

when the spot price is characterized by a high standard deviation.

Additionally, these instruments tend to exhibit a higher volatility as the maturity

date approaches, as pioneered by Samuelson (1965). This development is mainly due

to the increasing velocity at which information become public and will be further

deepened in Chapter 5, when the data will be presented.

The theory of commodity futures pricing has been developed way before the emer-

gence of the financial electricity market. The cost-of-carry relationship assumes that

the futures price must be equal to the cost of borrowing the amount of money needed

to buy the commodity in the spot market and subsequently “carrying” it until the

maturity date; this method is also named spot-futures parity theorem (Bodie et al.,

2011, p. 681; Fama & French, 1987).

Since futures contracts can be used to hedge against changes in the spot value, a

hedged portfolio has to provide a rate of return at least equal to the risk-free rate if

the hedge is perfect, otherwhere arbitrage opportunities would arise. By exploiting

this link, it is possible to establish a theoretical relationship between the futures price

and the price of its underlying asset (Bodie et al., 2011, p. 680):

rfr =

(
F0

S0

) 1
T

− 1 (3.13)

Where F0 and S0 are the futures and spot prices at time 0, respectively, rfr is the

risk-free rate of return and T is the time to maturity (Hull, 2018, p. 669). Rearranging

equation 3.13, it is possible to find that the futures price is given by:

F0 = S0e
rfrT (3.14)
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If F0 > S0e
rfrT , an investor can get a risk-free profit by buying the asset and selling a

futures, whereas if F0 < S0e
rfrT , the profit can be exploited by shorting the asset and

buying the futures. Possible deviations from this relationship would be manipulated

by market participants until the futures price is brought back to equilibrium (Bodie

et al., 2011, p. 680).

Overall, futures are defined to be forward-looking instruments, since their price em-

beds the expected future changes in the spot price; for this reason, the current futures

price is set at a high level if the spot is expected to be relatively high at maturity and

vice versa (Black, 1976).

3.3.3 Basis Risk

As mentioned above, the futures price will move towards the spot price as the ma-

turity approaches. Besides, the price development of these instruments is not always

clear; indeed, numerous problems may arise when pursuing hedging strategies, due to

what is known as basis risk (Hull, 2012).

Basis risk is defined as the variation of the basis (defined in equation 3.12), represent-

ing the risk that the spot price might follow a different trend compared to the futures

instrument. Up until the delivery date, the basis can be either positive or negative,

but eventually it will be zero on the exact maturity. For instance, both spot and

futures price developments are shown in Figure 3.1.

Figure 3.1: Price convergence of futures and spot prices on the delivery date. Monthly futures

with delivery throughout June 2018 (Nordic market). Source: Montel (2020), own creation.
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The basis risk will be zero only if the two instruments are perfectly correlated (Hull,

2012). Therefore, the outcome of a hedging position can be seen as the difference

between the basis at opening and closing dates (Working, 1953).

This risk is strongly affected by the specific instrument used for the hedge, differing

for the underlying asset and the time to maturity. If the underlying matches the asset

being hedged, the decision is quite obvious, and it does not require further analysis.

Concerning the decision on the specific timing, several reasons may complicate the

choice. On the one hand, a time to maturity of less than a month may be biased,

since the futures price may be unpredictable throughout the month prior to delivery.

Moreover, having a long position in a futures contract might imply the risk of ending

up with a physical delivery, which would imply bearing some costs. On the other hand,

the basis risk usually increases as the length of time between the hedge expiration and

the delivery month spreads. For these reasons, it may be a good decision to choose a

contract with a delivery window that is close to, but later than, the expiration of the

hedge. This procedure assumes that the futures contracts are liquid enough to meet

the investors’ necessities. In financial markets, shorter maturity contracts tend to be

more liquid so that hedgers tend to select these and roll them over (Hull, 2012).

3.3.4 Futures vs. Forwards

Forward contracts are very similar to futures, although exhibiting some relevant dif-

ferences. First of all, forwards are traded over OTC markets, without the presence of

a central counterparty; secondly, and even more importantly, they are not standard-

ized instruments, diminishing the contracts’ transparency. For these reasons, each

contract is individually negotiated for the specific need of the trader, and so it allows

for some flexibility (Burger et al., 2014).

These instruments do not rely on the mark-to-market process, therefore implying the

possibility for credit risk, namely the risk that one counterparty might not fulfill its

obligation (Burger et al., 2014).

Some authors argue that futures prices can be simply seen as forwards rewritten at

the end of each day (Jarrow & Oldfield, 1981). Moreover, when the risk-free rate is

constant, the price of the futures can be regarded to be the same as the forwards’

(Hull, 2012; Cox, Ingersoll & Ross, 1981). Wimschulte (2010) reported that in the

Nordic market, the prices of futures are on average lower than forward prices, but this

difference is not statically significant if the cost of transactions are taken into account.
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Chapter 3 has briefly defined the relevant risk management theories for the the-

sis. Multiple ways for estimating the optimal hedge ratio have been highlighted, and

some of their specific models will be further analyzed in Chapters 6 and 7. Finally,

the broader concept around futures contracts has been narrowed down, to directly

target the most useful notions that are here discussed.

Together, Chapters 2 and 3 have assisted the reader through the two fields of stud-

ies on which this thesis builds its foundations upon. The next chapter will review

the existing literature on electricity hedging, which ultimately relies on the concepts

explained until this point.



Chapter 4

Literature Review

The present chapter reviews the existing literature on hedging in power markets, pro-

viding a deeper focus on electricity. Several ways for estimating the optimal hedge

ratio are presented together with their empirical findings, in order to set some bench-

marks. Specific theories of the hedging models will be presented more thoroughly in

Chapters 6 and 7.

During the end of the previous millennium, the electric power sector has been sub-

ject to a fierce process of restructuring, which has affected several countries worldwide

(Lucia & Schwartz, 2002). Particularly, the European electricity market underwent a

structural change from a regulated monopoly to a competitive open market (Zanotti

et al., 2010).

After the liberalization and deregulation of this market, the price risk has moved from

customer to utilities. Since market regulators do not any longer allow power compa-

nies to transfer this risk to the customers, they have become able to offset the risk of

unpredicted price movements by using financial instruments (Hanly et al., 2018). In

this context, the focus has shifted from the need of a reliable supply of energy to the

concern of an optimal financial performance and efficient risk management (Byström,

2003). Hedging with derivatives, namely futures contracts, represents now a stan-

dard way of managing electricity price risk. For this reason, these contracts have

become more widely traded over an increasing amount of power exchanges (Hanly et

al., 2018).

Moreover, as explained in Chapter 2, the electricity market carries some additional

and unique considerations: first, it is necessary to match demand with produc-

tion, given the difficulty to store this commodity in any significant quantity (non-

storability); second, the price is characterized by high volatility, seasonal, daily and

hourly spikes due to demand and supply inelasticity (Zanotti et al., 2010). These
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traits make both the financial instruments and hedging practices as crucial in the

literature (Byström, 2003). However, when considering electricity price hedging with

futures, only few studies have been completed, leaving the topic relatively unexplored

and with good potential for further focus (Hanly et al., 2018).

Risk management practices in the derivatives market allow individuals to elimi-

nate price changes by selling or buying futures contracts. According to Ederington

(1979), the most common hedge is one in which the buyer of a futures sells it im-

mediately prior to delivery, rescinding from her delivery commitment. Hence, he set

the stage for the modern heading theories by keeping the spot market’s position as

fixed and focusing on the decision of how much of this stock to hedge. Basing his

theory on Johnson (1960) and Stein (1961), Ederington (1979) developed the concept

of minimum-variance hedge ratio as the ratio that minimizes the return’s variance

over a static timeframe (Hanly et al., 2018). However, this standard approach can

be criticized for several reasons. Firstly, the utility is maximized only under certain

assumptions; secondly, while the traditional hedge ratio is estimated without taking

into account conditional variance and covariance, the reality would be better modeled

by a dynamic framework (Byström, 2003).

One of the first authors to analyse the hedging effectiveness in the Nord Pool

market is Byström (2003). He used electricity futures to hedge a position taken in

the spot market with the aim of testing whether it was possible to reduce the whole

portfolio variability (Byström, 2003). The paper used daily spot and futures prices

over a period of around 4 years, from 02/01/1996 to 21/10/1999. By considering that

short term contracts are more liquid and more correlated with the underlying spot

price, he used futures with three weeks left to maturity and rolled over the subse-

quent futures one week before the expiration of the current contract. In this way,

he succeeded to obtain a continuous time series for the whole time period (Byström,

2003). Particularly, Byström (2003) estimated the hedge ratio by using four different

models over the whole period as well as in 3 different sub-periods. He considered both

the näıve and the OLS hedge ratio as the static models, while the dynamic models

referred to two version of the multivariate GARCH (Byström, 2003).

What Byström (2003) found is that the unconditional näıve, the unconditional OLS

and the dynamic conditional GARCH hedges reduced the variance of the hedged

portfolio compared to the unhedged one. Even though all the strategies decreased the

variances, the näıve and OLS hedges provided the best results, whereas the dynamic

model performed worse. Specifically, the näıve hedge led to a variance reduction of
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17.79% over the entire period, and a reduction of 66.91% in sub-period 3. On the

other hand, the OLS strategy returned a decrease of 16.44% over the whole period,

while a reduction of 43.08% in sub-period 3 (Byström, 2003).

In another paper, Zanotti et al. (2010) used 6 different hedging models to inves-

tigate the one that provided the best results over the most liquid electricity markets:

Nord Pool, EEX and Powernext. In particular, they wanted to investigate whether

in a high-volatility context the dynamic correlation is something that needs to be

taken into consideration when designing a hedging model (Zanotti et al., 2010). They

reached different conclusion compared to Byström (2003).

In the Powernext, the authors focused on a timeframe from 18/06/2004 to 14/02/2006.

For the EEX, they used daily prices from 02/07/2002 to 14/02/2006; lastly, in the

Nord Pool the time series started on 02/01/2004 and ended on 14/02/2006. The con-

sidered hedging instruments are monthly futures with 1 month to expiration, given

that these were the most liquid instruments available. In addition, with the aim of

creating a continuous time series, they rolled over the futures contract 1 week before

the expiration of the current one (Zanotti et al., 2010).

Zanotti et al. (2010) defined the best strategy as the one providing both the highest

variance reduction and the lowest return reduction. Unlike Byström (2003), they

showed that sometimes traditional hedging models, such as the näıve and the OLS,

may even increase the whole portfolio variance. In particular, the näıve hedge in-

creased the variance by 7.34% in the Nord Pool, while the dynamic OLS increased

the variance of 1.81% and 3.92% in the Nord Pool and EEX, respectively (Zanotti

et al., 2010). Contrarily, they concluded that models that take into account time-

varying variance provided better results. In particular, in the Nord Pool the constant

conditional correlation (CCC) GARCH model seemed to provide the best result, with

a variance reduction of 3.12%, whereas for the EEX the highest variance reduction

was provided by the dynamic conditional correlation (DCC) GARCH model, showing

a decrease of 3.63%. Oppositely, in the Powernext market the hedging strategies did

not seem to lead to any significant variance reduction at all (Zanotti et al., 2010).

In conclusion, the two GARCH models showed a significant variance reduction con-

sidering both the whole time series and two sub-periods, highlighting the importance

of implementing hedging strategies based on time-varying variances. In this way, dif-

ferently from Byström (2003), Zanotti et al. (2010) provided evidence of how dynamic

hedging models work better in a high-volatility context, definitely representing the

situation when hedging solutions are mostly necessary (Zanotti et al., 2010).
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One of the most recent studies available in the field is Hanly et al. (2018), which

applies hedging with futures on electricity spot exposures. Their paper considers three

of the most actively traded European electricity markets: Nord Pool, APXUK and

EEX (Hanly et al., 2018). Specifically, they compared optimal hedging strategies as

well as the markets’ hedging potential for weekly and monthly hedging horizons, by

using variance and Value at Risk (VaR) minimizations as the effectiveness measures.

The considered period includes data from 15/09/2004 to 10/01/2014 (Hanly et al.,

2018).

Regarding the models used, the authors appled two methods to estimate the optimal

hedging ratio. The first is the OLS, which yields a constant hedge ratio over the

data period; the second is the constant conditional correlation (CCC) GARCH model

(Hanly et al., 2018). Unfortunately, the OLS assumes a constant variance, although

there is multiple evidence that economic time series are characterized by heteroskedas-

ticity (Hanly et al., 2018). Thus, the CCC-GARCH could be more suitable for these

kinds of dataframes, at it accounts for time-varying variance (Bollerslev, 1990).

They found a surprisingly high volatility in the spot markets, probably due to the

electricity production’s unique characteristics. In addition, the volatilities of spot and

futures markets are highly different, contrarily to other financial assets (Hanly et al.,

2018). This phenomenon is to be largely found on Phelix, followed by APXUK and

Nord Pool for both weekly as well as monthly frequencies. Furthermore, considering

the hedging effectiveness, Hanly et al. (2018) discovered that this measure is generally

low for the electricity markets but particularly so for the weekly frequency. On the

one hand, when studying the effectiveness measured by the variance reduction, they

found the best performer being the Nord Pool with 8.77%, followed by APXUK and

Phelix, at 8.19% and 8.03%, respectively (Hanly et al., 2018). On the other hand,

using the VaR reduction criterion, they found even poorer results, ranging between

4.11% for Phelix and 4.52% for Nord Pool (Hanly et al., 2018). Moving to monthly

hedges, the results are more significant from an investor’s perspective, returning a

variance reduction of 17.77% for APXUK, 24.02% for Phelix and lastly 27.37% for

Nord Pool. However, the VaR reduction in monthly frequencies still remains low,

from 9.02% (APXUK) to 15.39% (Nord Pool).

Finally, as Byström (2003) concludes, large variations in terms of hedging effective-

ness are present across time, namely for some sub-periods hedges are much more

effective compared to the dataset taken as a whole. Different risk reduction are also

found between the geographical markets; indeed, Hanly et al. (2018) shows this to

be especially true for the Phelix, characterized by the poorest results.
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Generally, the literature analyses historical spot and futures data (1996 - 2014)

with different contract lengths and holding periods, and shows contradictory results

when assessing hedging effectiveness and performance (Byström, 2003; Zanotti et al.,

2010; Hanly et al., 2018). Particularly, when comparing static and dynamic hedging

models, opposite results come up. This vague and conflicting outcomes, together with

the fact that both the Nordic electricity market and the EEX are still evolving, give

a strong motivation of pursuing a further and deeper research on the field, including

more recent datasets.



Chapter 5

Data Selection and Presentation

This section serves to introduce the specific data that will be used throughout the

thesis. It presents the particular financial instruments together with their temporal

windows and geographical markets. Then, the calculations for the returns and their

respective chosen frequency are explained and justified. Subsequently, the problem

of having financial securities with different maturities is tackled with the rollover

procedure. After that, a subsection explaining how the total sample has been split up

and presenting some meaningful descriptive statistics is presented. Finally, the core

concept of stationarity on time series is drawn and tested to our datasets.

5.1 Spot and Futures Contracts

As previously explained in sub-section 2.3, the spot market for electricity is widely

recognized under the day-ahead market. Hence, the spot data points have been re-

trieved from the Montel XLF (as well as Nord Pool FTP and EEX sFTP) database,

such as the daily spot prices settled in the day-ahead market auction (system prices)

(Montel, 2020). Particularly, for the Nord Pool, system prices are calculated as an

equally weighted average of the 24-hourly prices coming from the same day’s auction.

On the other hand, for the EEX market, Phelix base spot prices have been used,

which represent the average of all the hourly auctions on the day-ahead market for

the German/Austrian area. These prices have been preferred over the “effective” spot

prices (the effective bid/offer prices registered for specific dates, which might differ

from the system prices) because they are the direct spot references for the derivative

instruments traded on market exchanges, thus representing a more accurate choice

(Zanotti et al., 2010). This procedure has been also widely pursued amongst the

literature presented in Chapter 4.
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Both spot and futures price series refer to a time window running from 05/01/2010

to 30/12/2019. This calendar only considers the trading days (non-holiday Monday-

Friday), with the aim of matching every futures price with the respective spot price,

since the latter are quoted 365-days per year. Hence, for the sake of clarity, weekends

and holidays spot prices have been deleted from the dataset.

For what concerns the futures, the selection of contract lengths has been made on

monthly and quarterly delivery periods. This means that the first monthly contract

considered sets the delivery of electricity throughout February 2010, and the first

quarterly contract does so for Q2-2010 (second quarter). Whereas the last ones refer

to January 2020 and Q1-2020 (first quarter) deliveries, respectively for the monthly

and quarterly futures. A total of 120 monthly and 40 quarterly futures contracts

populate the datasets for the two geographical markets.

Futures prices are here only referred to base load reference prices. As mentioned in

Chapter 2, base load means that the electricity delivery takes place during all hours

of all days, and it is chosen over the peak load because it represents the most stud-

ied timeframe amongst researchers (Byström, 2003; Zanotti et al., 2010, Hanly et al.

2018). All prices are quoted in EUR and refer to a delivery of a base size of 1 MWh of

electricity for each contract. This implies that a single monthly or quarterly futures

contract delivers precisely 1 MW of electricity for each single hour for the entire deliv-

ery period, being a month or a quarter, respectively (EEX, 2020; Nasdaq OMX, 2019).

The delivery windows for futures contracts are chosen as monthly and quarterly

since they are allocated between the most liquid financial securities in these commod-

ity markets. In fact, according to Botterud et al. (2009), the higher liquidity is found

into month- and quarter-ahead products. In their paper, they also explain that this

is a characteristic being found only in the last decade, probably due to a significant

increase of financial actors entering the markets and preferring financial settlements

over physical positions (Botterud et al., 2009). Particularly, short-term futures con-

tracts, other than being very liquid are also highly correlated with the underlying

spot price, and are only kept for a “single-unit” period (Byström, 2003; Zanotti et

al., 2010). This means that for monthly deliveries, the considered contracts only have

1 month to expiration (delivery), while for quarterly contracts the relative period is

extended up to the last tradable quarter (3-months).
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5.2 Returns and Data-Frequency

Although two ways of calculating returns, simple and logarithmic, are widely common

in finance, the second approach has been selected in this thesis. The return calculation

is then computed as the natural logarithmic difference between the price at time t

and the price of the same instrument at time t–1, as follows:

rt = ln(pt)− ln(pt−1) (5.1)

Where p refers to the daily spot and futures prices as defined in the previous para-

graph. For financial series, this procedure, also called continuous compounded return,

is frequently used even though the returns calculated as such do not perfectly corre-

spond to the monetary growth of e.g. an investment over the same period (Hudson &

Gregoriou, 2015). This method has been preferred over the simple return because it is

advantageous when trying to model time series of data. Principally, continuous com-

pounded returns have time-additive properties, representing a more accurate choice

for the specific datasets of the thesis (Hudson & Gregoriou, 2015). In addition, some

studies have also proved that computing simple returns can be unsatisfactory when

dealing with long time series (Dissanaike, 1994; Geske & Roll, 1983).

However, as already mentioned in Chapter 2 and pictured in Figure 2.8, the electricity

market might be characterized by negative daily prices, due to massive imbalances

between demand and supply. This feature has been found in the time series related

to the Phelix, for a small amount of observations.

Although the returns have been initially calculated with a daily frequency, the

decision of not moving on with this timeframe is found under the trade-off between

containing more price information and eliminating daily price noise (bid/ask effects).

Short time intervals, e.g. daily, are characterized by the former effect, whereas the

noise elimination is a useful feature of longer time intervals, e.g. weekly or monthly

(Stoll & Whaley, 1993). As such, Stoll and Whaley (1993) found that weekly returns

are the frequency which optimizes the trade-off just presented. Accordingly, weekly

returns are then used in this thesis. They have been calculated as the arithmetic

average of 5 daily returns and constantly contain exactly 5 trading days. As a result,

the time series comprise of 502 and 509 weekly return data points, respectively for the

Nordic and the EEX markets. This approach matches with what presented above,

namely the elimination of weekends and holidays spot prices. It is important to note

that i.e. for a Monday’s return, the pt−1 in equation 5.1 considers the Friday’s price

and not Sunday’s.
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5.3 Rollover Procedure

For data modelling purposes, it may be useful to shape a longer artificial price dataset

by linking together the specific price series of different futures contracts (Ma, Mercer

& Walker, 1992). However, this approach might imply several biases due to the dif-

ferent contracts’ delivery periods as well as to the unusual market activities detected

at the time close to maturity. Given the limited life span of futures instruments,

researchers need a mechanism that allows such securities to have a continuous range

of data containing no price “jumps” when the contract expiration or delivery takes

place. For this reason, it is essential to establish a rollover procedure that is suitable

for the modelled data (Ma et al., 1992).

Portfolio theory defines a rollover as a simple mechanism through which a futures

contract with a limited life is replaced just before expiration by another futures con-

tract with a longer maturity horizon (Frestad, 2012). This particular procedure is also

known as stack and roll (Samuelson, 1965). From the previous paragraph, hedgers

tend to use futures contracts with short maturities in order to guarantee higher liq-

uidity and therefore meet their trading needs. Accordingly, several studies suggest

closing the current position in the futures contract before its expiration, with the aim

of avoiding both thin markets (low liquidity) and increasing volatility (Samuelson,

1965). Samuelson (1965) proves these to be very common market movements which

characterize the very last days before delivery, mainly due to new information be-

coming available (e.g. updated weather forecasts and the other demand and supply

determinants presented in Chapter 2).

For what concerns the timing when the contract replacement procedure should occur,

previous studies on the same field stated that the optimal timeframe to do so is when

the contract is rolled over one week before its expiration date (again, here considered

to be 5-trading days long) (Byström, 2003; Zanotti et al., 2010). Therefore, the same

approach is taken in this thesis and a continuous time series of prices is created for

the entire dataset.

Figure 5.1 presents an illustration of the rollover concept to help the reader to fully

visualize this important assumption. The two presented contracts refer to monthly

futures traded on the NASDAQ OMX. The same concept is applied to the quarterly

futures as well. The vertical dotted line represents the exact day (24th September)

on which the October-18 contract position is closed and a new short position in the

November-18 contract is opened. It is noticeable that this transaction takes place

precisely 5 trading days before the October-18 contract enters into delivery.
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Figure 5.1: Example of rollover. The chosen futures contracts have deliveries during October

2018 and November 2018, respectively. Source: Montel (2020), own creation.

Crucial at this point is to illustrate how the returns have been calculated. Since two

different contracts have been rolled over and then paired, the return on the rollover

date needs to take into account the price quoted on the 24th September as pt, and the

price quoted on the 23rd September as pt−1, both related to the same November-18

futures contract. Contrarily, the return of the day right before, the 23rd September,

is calculated entirely on the quoted prices of the October-18 futures contract, empha-

sizing that the logarithmic return calculation must not be computed on two different

contracts.

It is worth of attention that what has been presented in this example is solely ap-

plicable to the Nordic market, since regulations in the EEX area state that futures

contracts are tradable until 3 days before the actual electricity delivery (EEX, 2020).

Therefore, the rolling procedure has been applied on the 8th trading day before the

contract’s delivery start.

5.4 Sample Sectioning

Before presenting the relevant descriptive statistics of the 6 different time series, it is

important to show and explain why these datasets have been split into 4 sub-periods.

First of all, the division has been made by separating the 502 (Nordics) and the 509

(EEX) weekly returns into 4 (approximately) equal smaller groups. For clarity, the

end result is presented in Table 5.1, where the sample size and its dates are shown.

Additionally, since all the models and tests will be conducted in the statistic software

R, the datasets have been labeled and reported in Table 5.2 for future reference. The

different labels refer to all the instruments in this thesis’ scope, and particularly refer
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to the weekly log returns datasets of spot, monthly futures and quarterly futures,

labeled accordingly for each market.

Market Area Period Date Sample size

Sub-Period 1 05/01/2010 - 20/06/2012 125

Sub-Period 2 21/06/2012 - 15/12/2014 125

Nordic Sub-Period 3 16/12/2014 - 16/06/2017 125

Sub-Period 4 17/06/2017 - 30/12/2019 127

Total Dataset 05/01/2010 - 30/12/2019 502

Sub-Period 1 05/01/2010 - 20/06/2012 127

Sub-Period 2 21/06/2012 - 18/12/2014 127

EEX Sub-Period 3 19/12/2014 - 21/06/2017 127

Sub-Period 4 22/06/2017 - 30/12/2019 128

Total Dataset 05/01/2010 - 30/12/2019 509

Table 5.1: Sample division for both market areas.

Market Area Period Spot Monthly Futures Quarterly Futures

Sub-Period 1 Sub1NS Sub1NMF Sub1NQF

Sub-Period 2 Sub2NS Sub2NMF Sub2NQF

Nordic Sub-Period 3 Sub3NS Sub3NMF Sub3NQF

Sub-Period 4 Sub4NS Sub4NMF Sub4NQF

Total Dataset NS NMF NQF

Sub-Period 1 Sub1ES Sub1EMF Sub1EQF

Sub-Period 2 Sub2ES Sub2EMF Sub2EQF

EEX Sub-Period 3 Sub3ES Sub3EMF Sub3EQF

Sub-Period 4 Sub4ES Sub4EMF Sub4EQF

Total Dataset ES EMF EQF

Table 5.2: Labels used for each different log-returns dataset.

According to the literature, the creation of sub-periods has been done with the aim

of improving the robustness of the analysis, while having (approximately) the same

amount of observations inside each sub-period serves as a solid benchmark to compare

the results between the two markets (Byström, 2003; Zanotti et al., 2010; Hanly et

al., 2018).

It is important to note that the time series have also been split into an in-sample

estimation period and an out-of-sample forecast evaluation period. Sub-periods 1 to
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3 refer to the former, whereas sub-period 4 is considered as the latter. This proce-

dure follows what has been done amongst similar studies, namely Byström (2003),

Zanotti et al. (2010), Hanly et al. (2018). Using out-of-sample forecasts is considered

a rational approach to model evaluation, since including the entire dataset for the

parameters’ estimation is not fully accurate. For this purpose, some observations are

held back, here to be identified as the sub-period 4 (Brooks, 2008, p. 245).

Although a thorough analysis of the out-of-sample forecast will be pursued in Chap-

ter 8, it is important to remark why this practice has been chosen. Empirical evidence

found over out-of-sample forecasts is generally considered more reliable than proof

based on in-sample performance, which could be highly sensitive to outliers (White,

2000). Also, out-of-sample forecasts are widely considered as the “ultimate test of a

forecasting model” (Stock & Watson, 2015, p. 571).

5.5 Descriptive Statistics

After having set the base for understanding how the full datasets have been sectioned,

the most relevant summary statistics are here presented.

Mean

Table 5.3 presents the means µ of the weekly log-returns, calculated for both mar-

kets and for each sub- and full-periods. The R labeling intuitively refers to what

presented in the previous paragraph. Generally, the means are negative and around

zero, representing a common characteristic in time series log-returns.

Nord Spot Nord MF Nord QF EEX Spot EEX MF EEX QF

Sub 1 -1.045879e-03 -0.0011816517 -0.0006173360 0.0001787214 -0.0007448549 -0.0003681878

Sub 2 1.827535e-04 -0.0009198050 -0.0004937131 -0.0095257591 -0.0010714178 -0.0009092012

Sub 3 -2.231130e-04 -0.0005046747 -0.0006193268 -0.0001075324 0.0004093964 0.0001269984

Sub 4 -1.175635e-05 0.0005631625 0.0006124578 -0.0308200423 -0.0011372550 -0.0002388087

Full Period 2.734520e-04 -0.0005064637 -0.0002759260 -0.0101094220 -0.0006370176 -0.0003470867

Table 5.3: Sample Means (decimal figures).

Standard Deviation

The datasets standard deviations σ are shown in Table 5.4. The σ is generally con-

sidered as a risk measure, and it is also widely called with the name of volatility. It

is calculated as the square root of the variance, which is the expected value of the
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squared deviations from the mean (Bodie et al., 2011).

By comparing the time series with each other, it is evident that, for the Nordic mar-

ket, the spot returns are much more volatile than the monthly and quarterly futures

ones. This might be explained by the fact that spot deliveries occur the day after1,

whereas for monthly and quarterly futures the deliveries are as far as of a month or

a quarter, respectively. Therefore, the price reaction to new market information is

way more impactful on spot prices. The same explanation can play a determinant

role also when noticing that quarterly contracts generally have lower volatilities than

monthly futures contracts.

Similar patterns are found when looking at the standard deviations for the EEX

market. However, it is noticeable that the German spot price series is exceptionally

volatile, with a peak of almost 23%. This is widely found on time series characterized

by extreme outliers; Chapter 6 will show that it is specifically the case here. On the

other hand, contrarily to what shown in Zanotti et al. (2010), EEX monthly and

quarterly futures contracts are less volatile than the ones exchanged in the NASDAQ

OMX.

Moreover, it is evident that the standard deviation changes both over time and be-

tween time, giving a solid potential for the application of time-varying hedging models.

Chapter 7 will explain how this phenomenon can be handled.

Nord Spot Nord MF Nord QF EEX Spot EEX MF EEX QF

Sub 1 0.05427676 0.01593194 0.011817865 0.03898688 0.006885385 0.005441201

Sub 2 0.03336560 0.01069189 0.007164742 0.11607456 0.005062493 0.003094541

Sub 3 0.03305467 0.01473286 0.012054328 0.05464383 0.008819679 0.007417856

Sub 4 0.03946340 0.01473956 0.012287177 0.22763592 0.009959405 0.007743628

Full Period 0.04082887 0.01413949 0.011021641 0.13256537 0.007911602 0.006204482

Table 5.4: Sample Standard Deviation (decimal figures).

Skewness and Kurtosis

The skewness of a probability distribution is related to the third moment. Partic-

ularly, it summarizes over a single number the degree of deviation from the normal

distribution (Stock & Watson, 2015, p. 69). Therefore, a positive value for this mea-

sure indicates that the right-hand tail of the distribution is heavier than the left-hand

1Remember that in this thesis, spot prices are considered to be the average of the hourly day-

ahead prices, and not the price for immediate delivery of electricity.
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tail, which in other words means that there is more probability of finding an obser-

vation in the former. The opposite occurs when referring to negative skewness. In

a normal distribution, the skewness is generally equal to 0 (Hull, 2018, p. 336). As

Table 5.5 shows, skewness values for the considered time series are broadly ranging

between [−8.623; +1.827], and taking them as single numbers would not be very infor-

mative. As such, a specific normality test is conducted at the end of this sub-section.

Nord Spot Nord MF Nord QF EEX Spot EEX MF EEX QF

Sub 1 -0.49314729 0.98829648 0.7826273 -0.3184838 1.035309863 1.8268190

Sub 2 0.02607663 -0.40862468 -0.2079457 -7.5223973 -0.002911846 0.3750559

Sub 3 -0.49157784 0.44630060 -0.2171226 0.2289321 0.128453617 0.3418874

Sub 4 -0.06358852 -1.26003565 -1.6653462 -5.5830731 0.134917749 0.6367676

Full Period -0.37531859 0.07671695 -0.4093103 -8.6227901 0.302913467 0.8522217

Table 5.5: Sample Skewness (decimal figures).

On the other hand, the kurtosis of a probability distribution refers to the fourth

moment. It indicates the density by which the underlying probability is dispersed un-

der the distribution’s tails, namely the tails’ heaviness. The kurtosis characterizing a

normal distribution is commonly set at 3 (Hull, 2018, p. 336). Another interpretation

of the measure is the excess kurtosis, which simply takes the kurtosis minus 3, making

the benchmark value for the normal distribution equal to zero (Hull, 2018, p. 336).

This indicator is used and presented in Table 5.6. Almost all the time series have

an excess kurtosis significantly far from zero and can be thus defined as leptokurtic.

Such a distribution has fatter tails and is more peaked around the mean compared to

a normal distribution, representing a characteristic commonly found in financial time

series of data (Brooks, 2008, p. 162).

Nord Spot Nord MF Nord QF EEX Spot EEX MF EEX QF

Sub 1 16.330568 2.798064 0.79838055 5.727799 3.2814313 7.5796695

Sub 2 7.442534 1.648592 0.04224297 71.971982 -0.4433022 0.2777202

Sub 3 4.269912 3.332812 0.16140259 2.194313 0.4773786 1.3613278

Sub 4 16.948761 5.223415 7.95456180 37.457034 1.3955510 2.5378964

Full Period 18.141622 3.781903 3.52152107 99.838417 2.1028359 4.2032512

Table 5.6: Sample Excess Kurtosis (decimal figures).
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In order to assess the normality of the log-returns distributions, the Jarque-Bera

test has been formulated. This test is part of the class of omnibus moments analysis,

which are tests that simultaneously evaluate whether both the skewness and kurtosis

of the data are consistent to a normal distribution (Embrechts, Frey & McNeil, 2005).

As such, both their equations are formulated (Brooks, 2008, p.163):

ξ =
E[u3]√

(σ2)3
(5.2)

κ =
E[u4]√

(σ2)2
(5.3)

Where ξ and κ respectively represent skewness and kurtosis, whereas u indicated the

residuals estimated with an OLS method (further explained in Chapter 6) and σ2

represents the variance of the errors. Using the OLS does not affect the asymptotic

distribution of the test and can therefore be considered as suitable for the model

(Jarque & Bera, 1980).

The Jarque-Bera test statistic is then defined as (Brooks, 2008, p. 163):

JB = n

[
ξ2

6
+

(κ− 3)2

24

]
(5.4)

Where n represents the number of observations inside the sample and (κ−3) the excess

kurtosis. The JB statistic asymptotically follows a χ2 with 2 degrees of freedom and

tests the hypotheses: H0 : normal distribution

Ha : non-normal distribution

More formally, the null hypothesis of normality can also state that the series distri-

bution is symmetric and mesokurtic2. In order to reject H0, the distribution needs to

be either significantly skewed, leptokurtic/platykurtic3 or both.

Table 5.7 presents the JB statistics and the related p-values. For almost all of the

datasets, the null hypothesis of normality is rejected at all reported significance levels.

Therefore, those time series cannot be regarded as normally distributed. On the other

hand, H0 cannot be rejected at any reported significance level on 5 out of 30 series.

Note the size of the JB statistics related to Sub2ES and FullES. As mentioned

above and how will be shown later, this is likely to be related to the presence of very

extreme outliers.

2Mesokurtic defines a distribution that has the third and fourth moments approximately equal

to a normal.
3A platykurtic is less peaked around the mean and with thinner tails compared to a normal

distribution.
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Nordic EEX

JB Statistic p-value JB Statistic p-value

Sub 1NS 1394.06366 0.0000000000 Sub 1ES 175.75430 0.0000000000

Sub 2NS 288.51057 0.0000000000 Sub 2ES 28608.40147 0.0000000000

Sub 3NS 99.99348 0.0000000000 Sub 3ES 26.58878 1.683915e-06

Sub 4NS 1520.17242 0.0000000000 Sub 4ES 8147.79846 0.0000000000

Full NS 6895.84675 0.0000000000 Full ES 217706.07762 0.0000000000

Sub 1NMF 61.12542 0.0000000000 Sub 1EMF 79.667404 0.000000000

Sub 2NMF 17.63412 0.0001481832 Sub 2EMF 1.040081 0.594496436

Sub 3NMF 62.00194 0.0000000000 Sub 3EMF 1.555177 0.459512879

Sub 4NMF 177.98428 0.0000000000 Sub 4EMF 10.775327 0.004572645

Full NMF 299.65913 0.0000000000 Full EMF 101.565546 0.000000000

Sub 1NQF 16.0803829 0.0003222473 Sub 1EQF 374.652431 0.0000000000

Sub 2NQF 0.9101567 0.6343982600 Sub 2EQF 3.385588 0.1840047336

Sub 3NQF 1.1178113 0.5718345013 Sub 3EQF 12.280696 0.0021541738

Sub 4NQF 393.5336570 0.0000000000 Sub 4EQF 43.001653 0.0000000005

Full NQF 273.4069882 0.0000000000 Full EQF 436.307329 0.0000000000

Table 5.7: Jarque-Bera statistics and respective p-values. Critical values (significance level in

parentheses) for the JB statistic (df = 2 ) are: 4.605 (10%), 5.991 (5%), 9.210 (1%).

Correlation

Table 5.8 lists the correlation coefficients between the spot returns and the futures

returns taken with the two different maturities. The left-hand side of the table shows

that, for the Nordic market, the correlation varies significantly between the periods,

highlighting generally higher coefficients for the spot and monthly futures compared

to the quarterly. Intuitively, it is reasonable that contracts with shorter maturities

contain a larger amount of information and can therefore be closely linked to the

underlying price. On the other hand, for the German area, the listed figures are

generally lower, with some also being approximately zero. Quite peculiar is to notice

that 5 series have a negative sign, representing a counterintuitive result for two instru-

ments that are theoretically dependent to one another. This is widely perceived by

investors as unexploited hedging opportunities, although not necessarily being true

(Basu & Gavin, 2016). Basu and Gavin (2016) argue that negative correlation co-

efficients might result from an equilibrium reflecting the traders’ opinions about the

shocks driving the market’s fundamentals.
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As shown in sub-section 3.2.1, the correlation coefficient ρ directly impacts the cal-

culation of the hedge ratio, and a higher value of ρ might imply a greater hedging

potential. Thus, since the correlation measures to what extent a spot price reaction

impacts on the hedging instrument price, it is clear how the correlation is a determi-

nant of the hedging effectiveness (Charnes & Koch, 2003). As such, higher hedging

performances are expected to arise in the Nordic market compared to the German

(the assessment will be presented in 9.1.3 and 9.2.2).

Nordic EEX

ρ ρ

Sub 1NSMF 0.45370117 Sub 1ESMF -0.048952957

Sub 2NSMF 0.34583479 Sub 2ESMF 0.187702931

Sub 3NSMF 0.17350986 Sub 3ESMF 0.041078120

Sub 4NSMF 0.33712255 Sub 4ESMF -0.042034514

Sub 1NSQF 0.31666497 Sub 1ESQF -0.047758223

Sub 2NSQF 0.18683022 Sub 2ESQF 0.146426784

Sub 3NSQF 0.06176459 Sub 3ESQF 0.059399878

Sub 4NSQF 0.31530808 Sub 4ESQF -0.043051153

Full NSMF 0.34301839 Full ESMF 0.009601975

Full NSQF 0.23547920 Full ESQF -0.002411228

Table 5.8: Correlation coefficients (ρ ∈ [−1, 1]).

5.6 Stationarity

The concept of stationarity is highly important when dealing with time series, and it is

commonly formulated in two ways: 1) strictly stationary process ; 2) weakly stationary

process (Brooks, 2008, p. 207).

The strictly version defines a series as stationary if the distribution of its values does

not change as time progresses, denoting that the probability that a specific observation

falls inside a particular interval remains the same over the entire data-length (Brooks,

2008, p. 208). On the other hand, a series is said to be weakly stationary if it satisfies

the following properties:

E(yt) = µ (5.5)

E(yt − µ)(yt − µ) = σ2 <∞ (5.6)

E(yt1 − µ)(yt2 − µ) = γt2−t1 ∀ t1, t2 (5.7)
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In words, these properties describe that a time series yt is stationary if it has a con-

stant mean, a constant variance and a constant autocovariance. The last concept

determines how y is associated to its lagged (previous) values. For a stationary time

series, the autocovariance function assumes that the covariance between yt and yt−1

stays the same for each pair of yt−s and yt−p, where s and p are subsequent numbers so

that p > s (Brooks, 2008, p. 208; Tsay, 2012). Nevertheless, the autocovariances do

not represent a useful measure of the relationship just presented because they depend

on the measurement unit of yt, and cannot be easily interpreted. Thus, it is more

suitable to use the autocorrelation concept instead (Brooks, 2008, p. 208). As this

will be extensively explained in Chapter 7, no further space is dedicated here.

This thesis takes the concept of weakly stationary process as the foundation of sta-

tistical inferences, as suggested in Tsay (2012).

If a series fails to meet the properties presented above is called non-stationary.

Such a sequence can imply persistent effects after a shock φ has occurred and can

therefore strongly impact its performance and properties (Brooks, 2008, p. 207). For

instance, standard assumptions for asymptotic analysis cannot hold, i.e. t-ratios are

not distributed as a t, F-statistics do not follow an F -distribution etc. (Brooks, 2008,

p. 320). Amongst time series literature, a non-stationary series is also generally

defined as unit-root non-stationary (Tsay, 2012). Hence, an alternative way of iden-

tifying a non-stationary time series is to check whether it contains one or more-unit

roots (also defined as stochastic trend) (Stock & Watson, 2015, p. 600).

A widely used way to test the presence of a unit root is through the Augmented Dickey

Fuller (ADF) test (Brooks, 2008, p. 327). Compared to the original Dickey Fuller

(Fuller, 1976; Dickey & Fuller, 1979), the ADF test includes a number of p lags of the

dependent variable. The model’s equation can be stated as (Brooks, 2008, p. 329):4

∆yt = ψyt−1 +

p∑
i=1

αi∆yt−1 + ut (5.8)

Since the mathematical derivation of equation 5.8 is out of the scope of this thesis,

only the relevant parameter for the test is explained. ψ is derived from φ − 1 = ψ,

where φ represents the “shock” term mentioned above, and it is assumed to be = 1

for non-stationary series (the shock does not automatically disappear in the series)

and < 1 for stationary series. As such, the definition of stationarity lies under the

presence of ψ < 0.

4For the full derivation of the formula, see Brooks (2008, pp. 327-329) or Stock & Watson (2015,

pp. 596-605).
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Therefore, the ADF tests the hypotheses:H0 : ψ = 0

Ha : ψ < 0

In words, the basic objective of the ADF test is to examine the null hypothesis of

non-stationarity (the series contains a unit root), against the one-sided alternative

hypothesis of stationarity (no unit root is present) (Stock & Watson, 2015, p. 605).

The ADF statistic is generally regarded as an OLS t-statistic and can be thus written

as (Brooks, 2008, p. 328):

ADFstatistic =
ψ̂

ŜE(ψ)
(5.9)

As stated above, since under the null hypothesis non-stationarity is assumed, the test

statistic does not asymptotically follow a t-distribution. Therefore, Dickey-Fuller crit-

ical values need to be considered here in order to make conclusions and are presented

accordingly in Table 5.9 (Brooks, 2008, p. 328; Fuller, 1976).

Besides, it is now important to determine the optimal amount p of lags to include in

the model. Brooks (2008, p. 329) suggests two ways of doing it: 1) selecting p corre-

spondingly to the data frequency; 2) by using an information criterion (IC), namely

choosing the p that minimizes the value of an IC, such as the Akaike information

criterion (AIC) or the Bayes information criterion (BIC). In order to be consistent

with the Box-Jenkins procedure embraced throughout the thesis, the chosen IC will

be the one that provides the lowest p order (Brooks, 2008, p. 231). These arguments

will be thoroughly explained later in Chapter 7.

From Table 5.9 it can be concluded that the null hypothesis of non-stationarity is

rejected at a confidence level lower than 1%5 for all the datasets (full periods). Thus,

the time series are considered to be stationary.

Additionally, a visual test on the log returns time series is conducted in Figure

5.2. In all the time plots, the returns series seem to be stationary and random.

An unconventional specification of the ADF test revolves around the definition of

stationarity around a linear trend, which in this case becomes the reformulation of

the alternative hypothesis (Stock & Watson, 2015, p. 604). For instance, for some

financial series, conducting the conventional ADF test would be inappropriate, as

they are characterized by a long-run trend. Again, from Figure 5.2, a clear trend

does not appear to be present, leaving no room for conducting this test.

5The p-values reported in Table 5.9 are actually way smaller than 0.01. However, the used R

function “adf.test” has a limited printed p-value which does not go below 0.01.
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ADF Statistic p-value p order

NS -13.032373 0.01 4

NMF -11.831162 0.01 2

NQF -14.571834 0.01 1

ES -17.656170 0.01 1

EMF -8.961726 0.01 4

EQF -14.474063 0.01 1

Table 5.9: Augmented Dickey Fuller test statistic, related p-values and number of lags used for

each test (p order). Critical values for the non-standardly distributed t-statistic are: -1.62 (10%),

-1.95 (5%), -2.58 (1%). The p order has been selected according to the BIC (as shown in Appendix

A.1).

Figure 5.2: Time series plots of weekly log-returns (Jan 2010-Dec 2019). Source: Montel (2020),

own creation.
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This chapter has presented the specific data used throughout the thesis, with the

aim of providing a solid understanding of the time series that will be used when

testing the hedging models and analyzing their effectiveness. Particularly, space has

been dedicated on the return calculation, on the roll over procedure, on the data

sub-sectioning, on the presentation of the relevant descriptive statistics and finally

on the stationarity assessment. The most salient outcomes are listed in what follows.

The log-returns are calculated with a weekly frequency for each financial instrument,

namely spot and futures contracts with monthly and quarterly delivery periods. The

holding period for the derivatives are one month and one quarter, respectively; the

rollover to the next contract is applied one week before expiration. The descriptive

statistics highlight that the time series are quite heterogeneous when reflecting on the

second, third and fourth moments, common features around energy markets. Lastly,

all six log-returns datasets are characterized by stationarity, ultimately representing

a green light for econometrics modelling.



Chapter 6

Static Hedging Models

This section provides the theoretical framework of the static hedging strategies which

will be used for the scope of this thesis. Throughout Chapters 6 and 7, the theories

are also applied to the data presented in Chapter 5, with the aim of giving the reader

a mean to familiarize with the models and to extensively understand their workings.

Briefly, the static hedging strategies consider a constant hedge ratio and refer here to

näıve and Ordinary Least Squares (OLS) models. All the estimators presented refer

to in-sample data, whereas a sub-section will be dedicated later to the out-of-sample

forecasting.

For both Chapters 6 and 7, the analysis is pursued from the perspective of an indi-

vidual who has committed to sell electricity in the spot market in a future timepoint.

The considered power markets are both the Nordic and the EEX, taken singularly and

not as a joint platform. The actor owns a long position in the spot market and enters

a short position in futures contracts with the purpose of hedging price fluctuations

(price risk).

Static risk management strategies, such as the näıve and OLS approaches, assume

that the hedger decides which is the best hedge ratio only once and does not adjust

it after the choice has been made (Miffre, 2004). For instance, if the price and/or

the volatility of a certain asset change over time, a new calculation of the optimal

hedge ratio is not brought forward, representing the time-invariance property of such

models. Therefore, as new market information becomes available, positions remain

unchanged according to a predetermined scheme for an entire period of time (Fleten,

Br̊aten & Nissen-Meyer, 2010). This kind of methods are less dependent on active risk

management practices and are often chosen by market participants for their simplicity

and their cost, as transaction charges are minimum (Sanda et al., 2013). However,

one of the core problems when designing a static hedge is that matching the optimal
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hedge ratio and its (fixed) time horizon with the actor’s risk preferences becomes

difficult (Fleten et al., 2010).

In the next sub-sections, both the näıve and OLS models are defined.

6.1 Näıve Hedge

A simple way of protecting against the underlying asset’s price risk is to take a

single-unit short position on a futures contract for each unitary long position in the

underlying asset, namely here the spot (Wang, Wu & Yang, 2015). This strategy is

denoted as näıve or one-to-one hedge. More generally, as traditional hedging theory

suggests, market actors should hedge long positions of x units on spot by concurrently

shorting the respective x units on futures, thus implying a hedge ratio equal to one

(Ederington, 1979 ; Kroner & Sultan, 1993).

Transforming what just explained in form of equation, namely the return of a portfolio

composed by a long position in a spot contract and a short position in a futures

contract, and hedging through a näıve model, is pictured as:

rp,t = +rs,t −HR(rf,t) (6.1)

Where HR is here equal to 1. The other members have been presented already in

equation 3.2.

Despite its simplicity in implementation and the fact that it does not require continu-

ous rebalancing over time, it is not fundamentally correct. By assuming a perfect and

constant correlation between spot and futures prices as well as a hedge ratio equal to

one over the entire holding period, issues are twofold. First of all, it crashes on recog-

nizing that the actual correlation between the two securities is quite significantly less

than perfect. Secondly, it does not take into account that spot and futures prices have

a stochastic nature and that hedge ratios are actually time-variant (Miffre, 2004).

The rationale of including the näıve hedge ratio in this thesis mainly lies under its

usage as a benchmark for assessing hedging strategies effectiveness compared to more

complicated models, practice widely peculiar amongst financial literature (Kroner &

Sultan, 1993) but more relevantly in electricity markets (Byström, 2003; Zanotti et

al., 2010; Hanly et al., 2018).

6.2 Ordinary Least Squares Hedge

The traditional portfolio theory emphasized by Ederington (1979) in his paper serves

as the foundation of this sub-section. Particularly, he shows that spot market hold-

ings are seen as constant, and the core decision is thus on the proportion of the stock
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to hedge by trading any other security, here assumed to be futures contract(s) (Ed-

erington, 1979).

The ordinary least squares model estimates the hedge ratio as the OLS slope coef-

ficient of a linear regression in which the dependent variable (Y ) is set as the spot

return whereas the independent variable (X) is set as the futures return (Edering-

ton, 1979; Anderson & Danthine, 1981). As demonstrated by the theory, the OLS

estimator selects the regression coefficients as the ones that fit the regression line to

the observed data as closely as possible. The measure of closeness refers to the mini-

mization of the residual sum of squares (RSS) of the model that predicts Y using X

(Stock & Watson, 2015, p. 118). For this reason, the OLS hedge ratio is also widely

recognized as the one minimizing the returns variance of a portfolio composed by spot

and futures, and it is thus defined as the minimum-variance hedge ratio (Hull, 2012).

The relevant equations for an OHR defined as such have been presented already in

sub-section 3.2.1, and are not repeated here. However, equation 3.5 is reported for

the sake of reference.

OHR =
cov(rs,t, rf,t)

σ2(rf,t)
= ρ

σs
σf

(6.2)

The formula for the estimated slope coefficient of an OLS linear regression is equal

to equation 6.2 (Stock & Watson, 2015, p. 119; Wooldridge, 2012, p. 29). It is thus

possible to prove the equivalence between the minimum-variance HR and the OLS

regression coefficient, HR = β̂, and show it under a linear regression equation:

rs,t = α̂ + β̂rf,t + ût (6.3)

The sample estimates α̂, β̂ and ût are the estimators of the population’s true coeffi-

cients α, β and ut modeled using the OLS method and are representing the intercept,

the slope and the error (or residual) of the OLS regression line (Stock & Watson,

2015, p. 119).

Another meaningful statistical measure of this model is the R2,1 since it contains the

portion of variance in the predicted variable Y that is “explained” by the regressor(s)

X (Stock & Watson, 2015, p. 238). It is here important because it describes how

good this particular model is at reducing the total portfolio variance by hedging with

futures. In other words, it is the fraction of the variance in a spot portfolio that can

be removed by entering in futures positions (Hull, 2012).

1The R2 is defined in the interval [0, 1] where the upper bound indicates the highest explanation

accuracy of the regressor(s) X.
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Compared to the näıve strategy, the OLS static hedging model has the advantage

of precisely recognizing that the correlation between the prices of both the spot and

the futures included in the portfolio is imperfect (Miffre, 2004). However, there is

the possibility that the OLS hedge leads to sub-optimal hedging decisions, especially

during periods of high basis volatility (Figlewski, 1984), as it normally happens when

considering electricity markets. This mainly relies under the model’s assumption of

a constant joint distribution of spot and futures price variations (Miffre, 2004).

Moreover, the variance-minimization property of the OLS, as shown by its statistic

construction, makes it a model that cannot be outperformed by other static hedge

ratios, particularly when referring to variance-reduction of in-sample observations

(Hull, 2012). On the contrary, this might not hold when considering out-of-sample

forecasts, on which the comparison between OLS and näıve hedge ratios is likely to

be more interesting. This assessment will be applied to the data and presented in

Chapter 9.

For the analysis of this thesis, the OLS hedge ratio will be modelled accordingly by

the OLS regression presented in equation 6.3.

6.2.1 OLS Model Assumptions

When considering a classical linear regression model, five assumptions need to hold to

show that the OLS estimation technique owns several desirable properties (Brooks,

2008, p. 129). These are required to make valid conclusions when conducting hy-

potheses tests on the OLS regression coefficients, as well as to consider that the OLS

model’s estimators are the appropriate ones for the real population parameters, α

and β (Stock & Watson, 2015, p. 126).

From equation 6.3, it is observable that the dependent variable rs,t directly depends

from the available data of the regressor rf,t, but also from the unknown residual term

ut. Thus, it is necessary to evaluate and interpret how the disturbance term is gen-

erated and assumptions 1-4 are run accordingly. Assumption 5 is needed to consider

whether the sample parameters estimated from a finite dataset are valid inferences of

the population coefficients (Brooks, 2008, p. 44).

If the first four assumptions are correctly satisfied, then the OLS estimators α̂ and

β̂ can be considered as being Best Linear Unbiased Estimators, or BLUE. Together

with the Gauss-Markov theorem (Graybill, 1976), it can be therefore stated that these

OLS estimators have the smallest sampling variance among any other class of linear

unbiased estimators (Brooks, 2008, p. 45). The OLS assumptions are then presented

as follows.
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Assumption 1: E(ut) = 0

The errors are required to have an average (expected) value of zero. Actually, if a

constant term, namely the intercept of the regression line, is included in the OLS

regression equation, the assumption always holds (Brooks, 2008, p. 131). On the

other hand, if the intercept is not included or cannot be included for any reason, the

estimates of the slope coefficient could potentially be biased. However, this violation

is widely considered as not very restrictive (Wooldridge, 2012, p. 24).

Assumption 2: var(ut) = σ2 <∞

The second assumption refers to the widely known concept of homoskedasticity, which

assumes that the variance of the errors is constant and finite. Oppositely, the residuals

are said to be heteroskedastic when the residuals have non-constant variance (Brooks,

2008, p. 132).

It is possible to detect heteroskedasticity by running some tests on the data distribu-

tion. The one used later in this thesis refers to the Breusch-Pagan test (BP test) for

heteroskedasticity, which relies on a Lagrange Multiplier (LM) statistic distributed

as a chi-squared χ2
k with k degrees of freedom, and tests the null hypothesis of ho-

moskedasticity against the alternative hypothesis of heteroskedasticity (Breusch &

Pagan, 1979).

Actually, as the OLS assumptions do not apply any restrictions at all on the er-

rors’ conditional distribution of the regressor xt, the five assumptions apply when the

residuals are both heteroskedastic and homoskedastic (Stock & Watson, 2015, p. 163).

Thus, the OLS estimator will be unbiased and consistent even if heteroskedasticity

is present, but it will no longer be BLUE – it stops being the one having the lowest

variance amongst all the other unbiased estimators (Brooks, 2008, p. 135). However,

when modelling relatively large samples, it might not be so crucial to have an efficient

estimator (Wooldridge, 2012, p. 269).

A common way of taking into account the heteroskedasticity in a model is to use

heteroskedasticity-consistent standard errors, also widely defined as White standard

errors (Wooldridge, 2012, p. 271). If the OLS method is still applied when het-

eroskedasticity is present, the standard errors could lead to wrong inferences (e.g.

confidence intervals or hypotheses tests) or, more generally, be incorrect.
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Assumption 3: cov(ui, uj) = 0 ∀ i 6= j

The residuals need to be linearly independent to one another. If this assumption is

not satisfied, the errors are said to be autocorrelated or serially correlated (Brooks,

2008, p. 139). For instance, when considering time series of data, autocorrelation

means that if the spot return is surprisingly high for a period t, there is a high chance

that it will be above average in t+ 1 as well (Wooldridge, 2012, p. 353).

The problem of using the OLS model and at the same time having autocorrelated

residuals has the same consequences as when the errors are heteroskedastic, with the

only difference that here the OLS coefficients not only cannot be considered as BLUE,

but that this also applies even on large sample sizes (Brooks, 2008, p. 149).

In order to test whether this assumption holds, two common tests are available:

the Durbin-Watson (DW) and the Breusch-Godfrey (BG) (Durbin & Watson, 1951;

Breusch, 1978). Nevertheless, the DW only tests the autocorrelation between con-

secutive lagged values of the regressor, and therefore it might not be able to detect

many forms of autocorrelation (Brooks, 2008, p. 148). As such, by including more

than one lag in the model, the BG test has several advantages over the DW and is

then applied in this thesis.

The BG tests the null hypothesis of no autocorrelation − the current residual is not

serially correlated to any of its previous values − against the alternative hypothesis

of having at least one autocorrelated lag (Brooks, 2008, p. 148). The LM statistic

follows a chi-squared χ2
r distribution with r degrees of freedom, which are assumed to

be equal to the number of lagged values included in the model (Breusch, 1978).

As for the heteroskedasticity, it is normal convention to eliminate these problems

by using robust estimators. The one proposed by Newey and West (1987) is widely

used amongst the literature and will be considered here as well. The Newey-West

estimator is a heteroskedasticity and autocorrelation consistent (HAC) standard error,

and it represents an efficient way of considering this OLS assumption satisfied, in case

the data show autocorrelation (Wooldridge, 2012, p. 432).

Assumption 4: cov(ut, xt) = 0

This assumption implies that the regressor rf,t is orthogonal to the residual term,

namely that there is no relationship between the error and the independent variable.

This assumption could also be strengthened and require that the regressor, for each

time t, is non-stochastic, meaning that sampling variation is not present (Brooks,

2008, p. 44).
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From a mathematical demonstration2, which goes well beyond the scope of this thesis,

it is possible to validate that the OLS estimator is still consistent and unbiased even if

this assumption is violated, that is, if stochastic regressors are included in the model

(Brooks, 2008, p. 160). In addition, a necessary condition for this to hold is that

E(ut) = 0 (OLS assumption 1) needs to be satisfied.

Assumption 5: ut ∼ N(0, σ2)

The error terms are required to be normally distributed if consistent and valid hy-

potheses tests on the model’s estimators are pursued. It is common to test the nor-

mality of the variables’ distributions with the Jarque-Bera (JB) test, which has been

presented in Chapter 5. As said, the JB test assesses the nature of both skewness

and kurtosis, which are the third and fourth moment, respectively (Brooks, 2008, p.

161).

The impact of this assumption’s violation is tricky and not exclusive, and it is further

discussed in the next sub-section when the data will be applied.

6.2.2 Assumptions Testing on Data

This sub-section serves to test if the data satisfy the five OLS assumptions just pre-

sented. As presented in sub-sections 5.1 and 5.2, the chosen data points have a weekly

frequency and the futures returns are for futures contracts with monthly and quarterly

delivery periods.

Assumption 1

Table 6.1 shows the means µ for each error term. The results have been presented

for the three in-sample sub-periods, as well as for the full in-sample dataset; both

markets are listed.

It can be seen that every mean can be easily approximated to zero, ultimately satis-

fying the OLS first assumption.

2The formal mathematical derivation can be seen in Brooks (2008), p. 160.
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Nordic EEX

µ(ut) µ(ut)

Sub 1NSMF -3.252607e-19 Sub 1ESMF 5.503713e-20

Sub 2NSMF 9.840897e-19 Sub 2ESMF 2.507591e-18

Sub 3NSMF 1.573177e-19 Sub 3ESMF -5.802376e-18

Sub 1NSQF -1.026678e-18 Sub 1ESQF 9.669181e-19

Sub 2NSQF -2.487566e-19 Sub 2ESQF 1.896927e-18

Sub 3NSQF -2.569559e-20 Sub 3ESQF 2.460531e-19

Full NSMF -4.429960e-19 Full ESMF -4.495411e-19

Full NSQF -3.044561e-19 Full ESQF -3.044561e-19

Table 6.1: Means of the linear regression models’ disturbance terms ut.

Assumption 2

The assessment on the satisfaction of the second OLS assumption is performed through

the Breusch-Pagan test. As suggested by the literature, this test has been preferred

over the more common White’s test (normally suitable when the number of regres-

sors is high) because the considered datasets have few explanatory variables (Brooks,

2008, p. 134). In these cases, the White’s might imply heteroskedasticity even if the

residuals variances are actually constant (Berry & Feldman, 1985).

Breusch & Pagan (1979) proposed a LM statistic to test the hypotheses:H0 : homoskedasticity

Ha : no homoskedasticity

They have derived the LM statistic’s distribution under both the null hypothesis and

the normality distribution of the disturbances ut (Breusch & Pagan, 1979). However,

the normality condition is generally assumed for the sake of simplicity and it is hard

to find in practice. Therefore, a modified version of this test has been proposed

by Koenker (1981). This specification relaxes the errors’ normality assumption and

correctly “studentizes” the LM statistic, in order to allow for robust inferences in the

presence of large classes of distributions for ut (Koenker, 1981).

As it will be shown under the test for the fifth OLS assumption, the JB test concludes

that, with a high level of significance, the null hypothesis of normality on the residuals

has to be rejected. Hence, the BP test in this thesis refers to its studentized version.

The LM statistic is then specified as the product between the sample size and the R2

of the squared errors, as follows (Wooldridge, 2012, p. 277):

LM = nR2
u2t

(6.4)
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As mentioned before, under H0, LM is distributed as a χ2
k with k degrees of freedom,

where k is the number of regressors included in the residuals’ linear model, here

assumed to be 2 for simplicity3 (Wooldridge, 2012, p. 277).

In Table 6.2, the results of the BP test are presented. It can be concluded that, for

every periods and sub-periods apart from FullNSMF, there is not enough statistical

significance to reject the null hypothesis of homoskedasticity. Thus, heteroskedasticity

seems to be not present.

Nordic EEX

BP Statistic p-value BP Statistic p-value

Sub 1NSMF 3.8467945 0.14610975 Sub 1ESMF 0.09696175 0.9526756

Sub 2NSMF 0.2674789 0.87481795 Sub 2ESMF 1.54523348 0.4618031

Sub 3NSMF 0.1848290 0.91172717 Sub 3ESMF 2.09420680 0.3509528

Sub 1NSQF 0.2502993 0.88236484 Sub 1ESQF 0.30514549 0.8584964

Sub 2NSQF 1.2858478 0.52575291 Sub 2ESQF 1.20017283 0.5487642

Sub 3NSQF 0.1436297 0.93070321 Sub 3ESQF 0.77602579 0.6784036

Full NSMF 6.8627842 0.03234189 Full ESMF 1.04352766 0.5934728

Full NSQF 0.2878062 0.86597167 Full ESQF 0.57388674 0.7505542

Table 6.2: Breusch-Pagan statistics and respective p-values. Critical values (significance level in

parentheses) for the BP statistic (df=2 ) are: 4.605 (10%), 5.991 (5%), 9.210 (%).

Assumption 3

As introduced before, to test whether the third assumption holds, the Breusch-

Godfrey test has been conducted. For the scope of this thesis, it is necessary to

perform a joint test for autocorrelation, allowing to simultaneously take into account

the lagged values of the residuals up to the qth order (Brooks, 2008, p. 148). The

model is then stated as follows (Wooldridge, 2012, p. 421):

ut = ρ1ut−1 + ρ2ut−2 + ρ3ut−3 + ...+ +ρqut−q + et (6.5)

Where ρi(i = 1, 2, . . . , q) is the (auto)correlation coefficient between the residual and

each of its lagged values, and et is a noise term distributed as N(0, σ2) (Brooks, 2008,

p. 144).

According to Brooks (2008, p. 144), a tricky part of the BG test is selecting the

appropriate number of lags, namely the value for q. He states that it is common

to take the specific data frequency, i.e. weeks, months etc. In this case, as the data

3For a formal demonstration and mathematical derivation, see Wooldridge, 2012, p. 276.
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observations have weekly frequencies, the chosen number for q is 52 (weeks in one

year). The reason lies under the argument that errors are related to their lagged values

in the preceding year, and this should be enough to capture any autocorrelation, if

the model is adequately stated (Brooks, 2008, p. 149).

The hypotheses of the BG test are:H0 : ρ1 = 0, ρ2 = 0, ..., ρ52 = 0

Ha : ρ1 6= 0, ρ2 6= 0, ..., ρ52 6= 0

It is important to note that Ha implies that at least one (auto)correlation coefficient

needs to be considered not equal to zero to reject the null hypothesis of no autocorre-

lation, meaning that only one part of H0 needs to be rejected to reject H0 as a whole.

Under the null hypothesis, the LM statistic follows a χ2
q with q = 52, as explained

above. The specification of the LM is:

LM = (n− q)R2
ut (6.6)

The R2 refers here to an OLS linear regression model in which the dependent variable

ut is regressed to both the xs from equation 6.3 and the lagged values of ut. Particu-

larly, the (auxiliary) regression is run and the relative R2 is extracted (Brooks, 2008,

p. 149; Wooldridge, 2012, p. 421). Note that, compared to the LM statistic of the BP

test, the R2 is multiplied by (n− q) rather than n alone, since the first q observations

are cut out from the sample in order to find the lags to include in the test regression

(Brooks, 2008, p. 149).

Table 6.3 summarizes the results of the BG test for the relative datasets. From the

table, it is possible to conclude that for FullNSMF and FullNSQF, the null hypothesis

of no autocorrelation can be rejected with a significance of 1%, whereas Sub1NSQF,

Sub3ESMF and Sub3ESQF can be rejected with a 5% level. As already mentioned,

in order to draw correct inferences on the population’s true coefficients, it is possible

to consider HAC standard errors, i.e. Newey-West estimators. As such, this kind of

correction is done in this thesis, so that the sample estimators of both heteroskedastic

and autocorrelated time series can be still considered as robust (Wooldridge, 2012, p.

432).
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Nordic EEX

BG Statistic p-value BG Statistic p-value

Sub 1NSMF 63.73329 0.1275277713 Sub 1ESMF 66.25825 0.08824941

Sub 2NSMF 32.23400 0.9857694348 Sub 2ESMF 57.51751 0.27830704

Sub 3NSMF 49.46752 0.5740836006 Sub 3ESMF 75.81987 0.01721411

Sub 1NSQF 72.82221 0.0298656807 Sub 1ESQF 65.19145 0.10345842

Sub 2NSQF 34.16535 0.9734571154 Sub 2ESQF 53.80917 0.40492006

Sub 3NSQF 44.59475 0.7572724827 Sub 3ESQF 76.60174 0.01482940

Full NSMF 92.84690 0.0004290381 Full ESMF 51.60410 0.48940831

Full NSQF 91.57568 0.0005819409 Full ESQF 51.65234 0.48751480

Table 6.3: Breusch-Godfrey statistics and respective p-values. Critical values (significance level in

parentheses) for the BG statistic (df=52) are: 65.422 (10%), 69.832 (5%), 78.616 (1%).

Assumption 4

The test for the OLS fourth assumption has been done through a visual analysis of

the scatterplots, in which the OLS regression models’ residuals and their respective

regressor (weekly futures returns) have been plotted as y and x, respectively. Since

from the plots it is not possible to find a common result, with some dataset not show-

ing clear association patterns and some others doing so, the graphs are not reported

here (see Appendix A.3). Additionally, by simply calculating the linear correlation

coefficients between the residuals and the regressors, there seems to be approximately

zero association (see Appendix A.2 for the respective summary table).

Nevertheless, given the not-univocal visual interpretation, it has been discussed above

that if assumption 1 holds (E(ut) = 0), the violation of assumption 4 does not rep-

resent a potential creation of biased OLS estimators, and that the OLS model still

gives the possibility to make valid inferences on the population’s true values of the

regression coefficients.

Assumption 5

OLS assumption 5 implies normality on the errors’ distributions. The Jarque-Bera

test has been run and its results are presented in Table 6.4. The JB test compares

the following hypotheses: H0 : normality

Ha : non-normality
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Particularly, as highlighted from the p-values and the chi-squared (df=2 ) critical val-

ues, it is possible to reject the null hypothesis of errors normality with a very high

level of significance. Thus, it cannot be concluded that the residuals are normally

distributed, implying that assumption 5 does not hold.

However, for sufficiently large sample sizes, where the amount of observations is gen-

erally recognized to be 30+, the central limit theorem can be applied. The theorem

states that, under general conditions, the distribution of a certain variable can be

well approximated by a normal distribution, even if the variable itself is not normally

distributed (Stock & Watson, 2015, p. 52). Since the smallest sample here has 125

datapoints, the central limit theorem ensures that valid inferences can be drawn even

considering the contradictory outcome of the JB test.

Nordic EEX

JB Statistic p-value JB Statistic p-value

Sub 1NSMF 1235.9143 0.000000000 Sub 1ESMF 166.97702 0.0000000000

Sub 2NSMF 223.7511 0.000000000 Sub 2ESMF 27564.01501 0.0000000000

Sub 3NSMF 106.3397 0.000000000 Sub 3ESMF 26.54995 1.716927e-06

Sub 1NSQF 1368.9675 0.000000000 Sub 1ESQF 171.78955 0.0000000000

Sub 2NSQF 353.8706 0.000000000 Sub 2ESQF 27774.10276 0.0000000000

Sub 3NSQF 103.7712 0.000000000 Sub 3ESQF 26.10178 2.148184e-06

Full NSMF 4463.2516 0.000000000 Full ESMF 252424.25465 0.0000000000

Full NSQF 5100.8919 0.000000000 Full ESQF 254470.82605 0.0000000000

Table 6.4: Jarque-Bera statistics and respective p-values. Critical values (significance level in

parentheses) for the JB statistic (df=2 ) are: 4.605 (10%), 5.991 (5%), 9.210 (1%).

Figure 6.1 illustrates the residuals’ distributions of the full in-sample periods for

monthly and quarterly futures, for both the Nordic and the EEX markets. From the

histograms it is possible to see that in the Nordics the errors follow a normally-shaped

distribution, with the exception for some outliers, which are likely to be the obser-

vations affecting the JB statistic. On the other hand, regarding the EEX market,

the visual interpretation could be very similar to the previous market. However, a

single very extreme outlier (on the left-hand side of the histograms) is visible, and it

is well likely to be the reason of such an extreme value for the JB statistic both in

the full in-sample period and in Sub2ESMF and Sub2ESQF (the outlier lies in this

sub-period). According to Brooks (2008, p. 164), it is common that in economics

and finance, one or two extreme observations might be the sole reason for rejecting

the null hypothesis of normality. These extreme outliers lead to a very high value

of the fourth moment, or kurtosis, and therefore imply the presence of a leptokurtic
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distribution, as it normally is the case for financial time series (Brooks, 2008, p. 162).

This is also remarked in Figure 6.2, where the Q-Q normal probability plots of the

residuals highlight the S-shaped pattern of all datasets. This curvature on the ex-

tremities usually means that the data have more extreme values than it would be

theoretically predicted if they had been sampled from a normal distribution.

Figure 6.1: Histograms of the OLS residuals (full in-sample dataset).

Figure 6.2: Q-Q normal probability plots of the OLS residuals (full in-sample dataset).
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Finally, the decision to keep the outliers inside the model or not is widely argued

amongst experts and there is no right answer. For the scope of this thesis, the decision

has been to maintain every single observation when formulating the hedging models,

because from each of them some useful information could be extracted (Brooks, 2008,

p. 166). Additionally, the main goal is to cover electricity price risk, which by def-

inition is characterized by (extreme) unexpected price fluctuations. Deleting such

extreme data points would then be inappropriate. Non-normality might also come

from special types of heteroskedasticity, also known as ARCH effects, and it will be

further explained in the next chapter. In such a case, removing the outliers from the

model would not transform the errors to normal, as this non-normality lies inside all

the data, and not only on the residuals (Brooks, 2008, p. 167).

This chapter has extensively presented the static hedging models in scope. Firstly,

the simple näıve one-to-one hedge is illustrated; then, the OLS model is explained.

Although the latter does not have a sophisticated theoretical base, the most space

in the chapter has been dedicated to the statistical assumptions it implies. The

theory suggests that, in order to have unbiased estimators, these assumptions need to

hold. Accordingly, specific tests on the regression’s residuals have been conducted. In

summary, it has been found that the time series generally have errors characterized

by zero mean, homoskedasticity, non-autocorrelation and are normally distributed,

although purely for the central limit theorem. In other words, all 5 OLS assumptions

hold.



Chapter 7

Dynamic Hedging Models

Contrarily to the concepts presented in the previous chapter, in this thesis, dynamic

hedging models use a time-varying hedge ratio (see sub-section 3.2.3) and refer to a

widely used version of the multivariate GARCH model, the dynamic conditional cor-

relation (DCC) GARCH. As normal convention in the literature, the DCC-GARCH

model is built using the Box-Jenkins procedure, more thoroughly explained in its

relative part. However, before digging into the specifics of the model, providing

volatility-related definitions, stating a mean equation and finally testing for the pres-

ence of undesired effects are jointly pursued.

7.1 Volatility Clustering

Since the studies conducted by Engle (1982) and Bollerslev (1986), financial econo-

metrics has been subject to a deep evolution, leading to the establishment of new

models with the ultimate aim of “specify, estimate and forecast”. In particular, the

important role played by risk allowed for a development of new techniques enabling

the moments to vary along time (Guidolin & Pedio, 2018).

Assuming rt as the log return of an asset, its series can either be uncorrelated or

provide some degree of correlation, but in any case, it may be referred as dependent.

Moreover, a common characteristic of financial time series is what is known as volatil-

ity clustering, first noted by Mandelbrot (1967) and introduced in 3.2.3.

These qualities can be observed in the time plots of the return series (Figure 5.2)

which suggest that the rts are stationary and random.

A further assessment derives from the sample autocorrelation function (ACF) of the

log returns, which proves that no significant correlation is present, except for some

minor one at lag p. Figure 7.1 illustrates the specific ACFs for each financial instru-

ment as well as for both markets.
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Figure 7.1: ACF plots for the log returns rt.

The sample ACF provides some useful information about the degree of the linear

dependence by underlining “the length and the strength of the memory of the pro-

cess” (Guidolin & Pedio, 2018). On the other hand, by considering the absolute log

returns (|rt|), the sample ACF allows to detect the presence of serial correlation (see

Appendix A.4).

Evidence of volatility clustering can be also found in the ACF of the squared returns

(r2t ). Indeed, the left-hand side of each graph in Figure 7.2 reports autocorrelation

between the r2t s, meaning that the value of the squared returns at time t tends to

be similar to that of t− p, for low values of the lags p (Matteson & Ruppert, 2011).

From the figure, the presence of autocorrelation is quite evident in all the time series

apart from ES, where no signs of serial correlation are found.

Figure 7.2: ACF plots for the squared log returns r2t .
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Generally, log returns do not provide any evidence of serial dependence, whereas

squared (as well as absolute) returns show some degree of positive autocorrelation.

Combining the three plots, it appears that the log returns are serially uncorrelated

but dependent (Tsay, 2012).

These are the features that volatility models are designed to detect. Indeed, Engle

(1982) showed that conditional heteroskedasticity models (ARCH/GARCH) can be

used to process serial correlation in squared returns. In particular, these models are

able to capture the time variation and clustering in the conditional variance (Guidolin

& Pedio, 2018).

For a better understanding, it is useful to specify both the conditional mean and

variance given the information F at time t− 1:

µt = E(rt|Ft−1) (7.1)

σ2
t = V ar(rt|Ft−1) = V ar(at|Ft−1) (7.2)

Where at = rt−µt is defined as the innovation/shock, namely the residual of the mean

equation. Conditional heteroskedasticity models deal precisely with the evolution of

σ2
t , leading to a dynamic equation that rules how the conditional variance of an asset

return moves over time (Tsay, 2012).

7.2 Univariate GARCH Model

Although traditional econometric models assume a constant variance over time, the

autoregressive conditional heteroskedastic (ARCH) process ensures that, while the

unconditional variance is kept constant, the conditional variance can change as a

function of past errors (Bollerslev, 1986). The ARCH model was developed by Engle

(1982) and assumes that the shock at is serially uncorrelated but has some dependence;

the latter, known as “autocorrelation in volatility” (Brooks, 2008, p. 388), can be

modelled by considering the conditional variance σ2
t as dependent upon the squared

errors of previous lags. The typical ARCH(m) formula can be written as (Tsay, 2012):

σ2
t = α0 + α1a

2
t−1 + · · ·+ αma

2
t−m (7.3)

Where the coefficients α0 and αi (i = 1, . . . ,m) need to be estimated. In order to

model a strictly positive conditional variance (non-negativity constraint), the follow-

ing constraints must hold: α0 > 0 and αi ≥ 0 ∀ i > 0.

Nevertheless, the ARCH model does not seem to have a sufficient number of param-

eters aimed to optimally fit a financial time series. A useful way to overcome this

problem is by using the generalized ARCH (GARCH) model which on the one hand
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allows for a more flexible lag structure, and on the other hand provides a more par-

simonious description of the series (Bollerslev, 1986).

The GARCH model was implemented for the first time by Bollerslev (1986) and Tay-

lor (1986). This model extends the ARCH by specifying that the conditional variance

also depends upon previous own lags, consequently introducing a sort of adaptive

learning mechanism (Bollerslev, 1986). Therefore, the conditional variance is mod-

elled based on m lags of the squared error and s lags of the conditional variance

(Brooks, 2008, p. 394). An at that follows a GARCH(m, s) model can be expressed

as (Tsay, 2012):

σ2
t = α0 +

m∑
i=1

αia
2
t−i +

s∑
j=1

βjσ
2
t−j (7.4)

With α0 > 0, αi ≥ 0, βj ≥ 0 ∀ i, j > 0 (j = 1, . . . , s) and
∑max(m,s)

i=1 (αi + βi) < 1,

implying that the conditional variance σ2
t is positive and changes, while the uncon-

ditional variance of at remains constant. In order words, a GARCH model asserts

that the best predictor of the conditional variance is a weighted average of the follow-

ing identities: a long-term average value (dependent on α0), the information on the

precedent-periods’ volatility and the variance estimated by the model at time t − j
(Brooks, 2008, p. 392). Hence, this process resembles a Bayesian inference (Engle,

2001). For instance, from equation 7.4 it can be inferred that while a GARCH(1,1)

only requires three parameters in its equation, it leaves the conditional variance to

be influenced by an infinite number of past squared errors1. Thus, according to the

literature, the GARCH(1,1) is a very parsimonious model and its adoption is reason-

able in order to capture the volatility clustering (Brooks, 2008, p. 394).

When building a suitable volatility model, this thesis follows a multi-step procedure,

as proposed by Tsay (2012). The first step consists in defining a mean equation

(sub-section 7.2.1) by stating an econometric model to remove any possible linear de-

pendence in the return series. The next stages match with the Box-Jenkins method

and will follow.

This procedure will be applied to the time series in scope, with the aim of providing a

better understanding of a GARCH model when estimating a dynamic optimal hedge

ratio.

7.2.1 Mean Equation

As said, it is now necessary to specify, determine and finally test the mean equation.

Indeed, the squared errors a2t in equation 7.4 are extracted from the mean equation

1For a full mathematical derivation, see Brooks (2008, p. 393).
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itself, which describes how the returns behave. By embracing this technique, the au-

tocorrelation potentially caused by i.e. bid/ask or non-trading days effects is captured

(Zivot, 2009).

The concept of conditional mean can be specified either as a constant or as an au-

toregressive moving average (ARMA). As commonly referred amongst the research,

in this thesis the mean equation will be modelled through the latter.

The ARMA(p, q) model estimates the dependent variable rt by implementing both an

autoregressive (AR) approach and a moving-average (MA) process, and is formulated

as:

rt = φ0 +

p∑
i=1

φirt−i + at −
q∑
i=1

γiat−i (7.5)

Where at−i is a lagged white noise error series, rt−i is the lagged value of the depen-

dent variable and γi, φi their respective coefficients.

An ARMA(p, q) model implements p autoregressive terms and q moving-average terms

(Tsay, 2012). It states that the value of rt depends linearly both on its own previous

values and on a combination of white noise error terms at times t and t− i (Brooks,

2008, p. 223).

Even though the mean equation is not directly necessary for the computation of

the hedge ratio, it is appropriate to devote some time to its model specification in

order to get a variance-covariance matrix as precise as possible (Brooks, 2008, p. 390).

Box and Jenkins (1976) were the first to implement a precise approach to deal

with the estimation of the ARMA model (Brooks, 2008, p. 230). This thesis uses

such a method for the determination of both mean and variance equations. This

process exhibits three different iterative steps (Reinsel, Jenkins & Box, 2008):

1. Identification: the data are used to suggest a sub-class of parsimonious models’

orders to describe the dynamic features of the data;

2. Estimation of the parameters of the identified model;

3. Diagnostic checking, which assesses whether the stated model fits the data in

order to provide any room for improvement.

ARMA Order Specification

This step requires to determine the order of the model with the aim of capturing and

modelling the dynamic characteristics of the dataset. For an ARMA, it is necessary to

set the p and q numbers of lags, and this is traditionally pursued using graphical aids,

namely autocorrelation function (ACF) and partial autocorrelation function (PACF).



Chapter 7. Dynamic Hedging Models 79

Even though ACF and PACF are widely used in both practice and theory, this thesis

does not implement these two tools. As Tsay (2012) suggests, when real data are

processed these plots tend to miss a clear pattern representation whose results are

hard to interpret (Hassani & Yeganegi, 2020; Tsay, 2012). In this regard, one way

to remove such a subjective interpretation is to implement information criteria (IC)

(Brooks, 2008, p. 232).

As introduced in sub-section 5.6, one of these is the Akaike information criterion

(AIC), defined as:

AIC = ln(σ̂2) +
2k

n
(7.6)

Where n is the sample size, σ̂2 is the maximum likelihood estimator of the residual

variance and k is the number of the estimated parameters.

Another well-known IC is represented by the Bayes information criterion (BIC),

formulated as:

BIC = ln(σ̂2) +
k

n
ln(n) (7.7)

The ICs typically involve two factors: the first term is a function of the residual sum

of squares (RSS), while the second is a penalty function damaging the model as soon

as more lag terms are added (Tsay, 2012). For instance, the addition of one lag will

lead the RSS to decrease and the penalty function to increase (Brooks, 2008, p. 232).

The order of the model is selected by choosing the exact specification that minimizes

the value of the AIC/BIC. Since the penalty function is heavier for the AIC, the BIC

tends to select lower ARMA orders when the size of the data is large. However, there

is no reason why one model might be preferred over the other (Tsay, 2012).

AIC and BIC values for various types of ARMA(p, q) models are represented in Table

7.1. According to the principle of parsimony stated on the Box-Jenkins approach, the

model has to be as simple as possible. For this reason, orders higher than (2, 2) are

not considered (Brooks, 2008, p. 231).

The figures in bold refer to the minimum values for both the ICs. It is noticeable

that the ICs may provide different indication about the suitable (p, q) order. For this

purpose, an alternative approach called the extended autocorrelation function (EACF)

has been presented by Tsay and Tiao (1984). The outcome of the EACF is a table

having the order p and q on the rows and columns, respectively. The ARMA order is

then identified by spotting the (p, q) position of the upper-left vertex of a triangle of

“O”s (Tsay & Tiao, 1984). Accordingly, in the EACF table:

• “X” indicates that the EACF value is more than two times its standard devia-

tion;

• “O” indicates that the EACF value is less than two times its standard deviation.
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NS AIC NS BIC NMF AIC NMF BIC NQF AIC NQF BIC

ARMA(0,0) -1322.381 -1314.527 ARMA(0,0) -2137.971 -2130.117 ARMA(0,0) -2345.839 -2337.985

ARMA(0,1) -1337.122 -1325.341 ARMA(0,1) -2136.121 -2124.340 ARMA(0,1) -2346.829 -2335.049

ARMA(1,0) -1334.517 -1322.736 ARMA(1,0) -2136.126 -2124.345 ARMA(1,0) -2347.302 -2335.521

ARMA(1,1) -1349.946 -1334.239 ARMA(1,1) -2134.145 -2118.437 ARMA(1,1) -2347.794 -2332.086

Nordic ARMA(0,2) -1338.298 -1322.590 ARMA(0,2) -2134.291 -2118.583 ARMA(0,2) -2347.605 -2331.898

ARMA(2,0) -1335.792 -1320.084 ARMA(2,0) -2134.246 -2118.538 ARMA(2,0) -2347.289 -2331.581

ARMA(1,2) -1352.191 -1332.557 ARMA(1,2) -2132.320 -2112.685 ARMA(1,2) -2345.763 -2326.128

ARMA(2,1) -1351.945 -1332.310 ARMA(2,1) -2132.272 -2112.638 ARMA(2,1) -2345.490 -2325.856

ARMA(2,2) -1346.198 -1322.637 ARMA(2,2) -2139.301 -2115.740 ARMA(2,2) -2346.793 -2323.231

ES AIC ES BIC EMF AIC EMF BIC EQF AIC EQF BIC

ARMA(0,0) -866.117 -858.229 ARMA(0,0) -2685.852 -2677.966 ARMA(0,0) -2866.043 -2858.157

ARMA(0,1) -872.962 -861.133 ARMA(0,1) -2683.969 -2672.141 ARMA(0,1) -2869.920 -2858.091

ARMA(1,0) -871.548 -859.719 ARMA(1,0) -2683.994 -2672.165 ARMA(1,0) -2870.738 -2858.909

ARMA(1,1) -872.244 -856.472 ARMA(1,1) -2684.339 -2668.568 ARMA(1,1) -2870.579 -2854.808

EEX ARMA(0,2) -872.579 -856.807 ARMA(0,2) -2686.469 -2670.698 ARMA(0,2) -2869.707 -2853.936

ARMA(2,0) -872.498 -856.727 ARMA(2,0) -2686.028 -2670.257 ARMA(2,0) -2870.371 -2854.600

ARMA(1,2) -870.579 -850.865 ARMA(1,2) -2685.947 -2666.233 ARMA(1,2) -2868.736 -2849.022

ARMA(2,1) -870.756 -851.042 ARMA(2,1) -2685.056 -2665.342 ARMA(2,1) -2869.899 -2850.185

ARMA(2,2) -870.233 -846.576 ARMA(2,2) -2684.757 -2661.101 ARMA(2,2) -2868.246 -2844.589

Table 7.1: AIC and BIC values for different ARMA(p, q) orders.

This procedure is here implemented only for the ARMA(p, q) models on which the ICs

provide discording results. The outputs of the EACFs are shown in Figure 7.3, where

the black dots represent the ARMA(p, q) order selection for the identified datasets.

Figure 7.3: EACF plots for discording AIC and BIC orders selection. Output from R.

Summarizing, for NS, NMF, NQF and EMF, AICs and BICs return discording

(p, q) orders. Therefore, Figure 7.3 suggests to select an ARMA(1, 1), ARMA(0, 0),

ARMA(0, 0), ARMA(0, 1), respectively. It might be relevant to note that the es-

timated EACFs confirm the orders selected by the BIC except for EMF. For the

remaining datasets, AICs and BICs are matching, exhibiting an ARMA(0, 1) for ES

and an ARMA(1, 0) for EQF.

ARMA Estimation

The second step involves the estimation of the model defined in the previous sub-

section. This can be done through an exact or a conditional likelihood method. As

these methods are broadly out of the scope of this thesis, their workings are not
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analysed further, and their estimated coefficients will be presented in 9.1.2.1.

ARMA Diagnostic Check

The last step for building an ARMA(p, q) model requires a diagnostic check, namely

verifying the goodness of its specification. Box and Jenkins (1976) suggest two differ-

ent approaches. The one named residual diagnostic will be the solely considered along

this thesis, since it is the mostly used in practice (Brooks, 2008, p. 231). This pro-

cedure involves checking for the presence of residual autocorrelation; in other words,

the adequateness of the model is suggested by the residual series at, which should

behave like a white noise (Tsay, 2012). If the model’s errors exhibit linear depen-

dence, it means that the chosen order is not satisfactory enough to describe all the

characteristics of the time series, and must then be refined (Brooks, 2008, p. 231).

The Ljung-Box test is implemented for this aim.

This test specifies a Q(m) statistic (Portmanteau test)2 over the residuals at, which

under the null hypothesis asymptotically follows a chi-squared χ2
m−g distribution with

m− g degrees of freedom where g is the number of either p or q ARMA orders (Tsay,

2012). The null hypothesis is here referred to no autocorrelation. In practice, the

decision on the lag length m might affect the result of the Q(m) statistic. As such,

Tsay (2012) suggests to consider a number of lags equal to ln(n). However, if the time

series displays some degree of seasonality, a higher number of lags might be needed

in order to capture this trend (Tsay, 2012). Table 7.2 summarises the outcomes of

the Ljung-Box test. By comparing the p-values of all the Q(m) statistics with the

conventional significance levels of 0.01%, 0.05% and 0.10%, it can be concluded that

the null hypothesis of no autocorrelation cannot be rejected.

Q(m) Statistic p-value

NS 7.670812 0.1753361

NMF 5.934692 0.4305447

NQF 9.998013 0.1247363

ES 3.534303 0.6182041

EMF 7.791008 0.2538186

EQF 7.420672 0.1911847

Table 7.2: Ljung-Box test for white noise and its respective p-values. Critical values (significance

level in parentheses) for the Q(m) statistic (df=6 ) are: 10.644 (10%), 12.591 (5%), 16.811 (1%).

2Special hypotheses test which only specifies the null hypothesis, leaving out the definition of

the alternative (Tsay, 2012).



82 Chapter 7. Dynamic Hedging Models

Additionally, even though the ACF plot is not properly useful to determine the

order (p, q) of an ARMA model (Tsay, 2012), it can be used to verify the presence

of white noise errors by plotting the residual ACFs. Here, this visual test is only

complementary to the results just found on Table 7.2. From Figure 7.4, it looks like

that the at series denote a white noise process, meaning that they do not display any

significant autocorrelation.

In conclusion, both the Ljung-Box test and the residual ACF plots prove that the

ARMA(p, q) specified for this thesis’ datasets are characterised by white noise, and

are therefore adequate in describing the dynamic linear dependence of the time series.

Figure 7.4: ACF plots for the mean equation(s) residuals at.

7.2.2 ARCH Effects (Conditional Heteroskedasticity)

The representation of volatility clustering per se would be a sufficient evidence for

the presence of conditional heteroskedasticity. This behavior may be apparent when

looking at the ACF of both the squared returns (Figure 7.2) and the squared residuals

(Appendix A.5) from the specified mean equation (Zivot, 2009).

Nevertheless, the squared residual series are here used to check for the presence of

conditional heteroskedasticity. Since a GARCH model requires an ARMA model for

the determination of the squared residuals, Engle (1982) showed that a Lagrange

Multiplier (LM) test statistic can be used for this matter. This test defines the

hypotheses as: H0 : no ARCH effects

Ha : ARCH effects
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Thus, the LM test is performed on the auxiliary regression of equation 7.3, and is

specified as (Zivot, 2009):

LM = nR2
a2t

(7.8)

Where R2
a2t

is estimated from the squared residuals of the model’s auxiliary regression.

Under the null hypothesis, LM follows a chi-squared distribution χ2
m with m degrees

of freedom (Zivot, 2009).

Lee and King (1993) demonstrated that this type of test might as well be extended and

applied as a general specification of GARCH effects (Zivot, 2009). Table 7.3 presents

the results of the test: ARCH effects are visible amongst all the time series apart

from ES. The LM statistics are significantly higher than the reported critical values,

indicating that there is enough statistical evidence to reject the null hypothesis. Note

that this result perfectly matches with what inferred previously in Figure 7.2. Finally,

the test’s outcomes allow to conclude that a GARCH model is adequate.

LM Statistic p-value

NS 143.7064905 1.653795e-28

NMF 26.7728476 1.597052e-04

NQF 38.5037981 8.952938e-07

ES 0.1666378 9.999094e-01

EMF 34.4644944 5.471231e-06

EQF 48.1792687 1.088060e-08

Table 7.3: LM statistics and respective p-values. Critical values (significance level in parentheses)

for the LM statistic (df=6 ) are: 10.644 (10%), 12.591 (5%), 16.811 (1%).

7.2.3 GARCH Order Definition

Considering that ARCH effects are found in 5 out of 6 time series and following the

Box-Jenkins approach, it is now important to determine the orders m and s of the

GARCH(m, s) models. Again, these can be estimated using AIC and BIC (Mat-

teson & Rupert, 2011). However, Brooks and Burke (2003) argued that the use of

unmodified or naively modified traditional ICs would lead to biased conditionally het-

eroskedastic models. Consequently, they proposed a set of adapted ICs based on the

estimation of a Kullback-Leibler divergence (Brooks & Burke, 2003). Their approach

allows for a simultaneous determination of both conditional mean and conditional

variance orders.

Nonetheless, as cited above, a GARCH(1, 1) model is deemed to be sufficient to cap-

ture the volatility clustering in financial time series, so including further lags is judged
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to be not necessary. For this reason, this thesis will move on by only considering this

(m, s) order for all 6 datasets, where m = 1 refers to the number of the autoregressive

lags or ARCH terms, while s = 1 refers to the number of the moving average lags or

GARCH terms (Engle, 2001). This model can be written as (Tsay, 2012):

σ2
t = α0 + α1a

2
t−1 + β1σ

2
t−1 (7.9)

From equation 7.9, it is evident how a large a2t−1 and/or σ2
t−1 generate a large σ2

t .

Consequently, a large a2t−1 tends to be followed by another large a2t , thus resembling

the typical volatility clustering behavior. The model then provides a parametric func-

tion that can be used to describe the volatility evolution (Tsay, 2012).

When referring to the GARCH model estimation, the OLS cannot be used because

it minimizes the residual sum of squares (RSS) and these residuals do not depend

on the conditional variance but rather on the conditional mean equation. In this

situation, another technique known as maximum likelihood is employed. Particularly,

after having settled a log-likelihood function, the parameters are chosen so that the

function is maximized (Brooks, 2008, p. 395).

Hence, the estimation of a GARCH process can be considered as simple if a software

is implemented. The results are presented in sub-section 9.1.2.1.

7.2.4 Model Checking

After the selection of the model that fits better the data, its goodness can be evalu-

ated in the same way as it has been done for the ARMA: through both graphical and

statistical tools. For each specified GARCH(1, 1) model, the standardized residuals

ηt are obtained3 and are distributed as a sequence of i.i.d. variables (Tsay, 2012).

Thus, it is possible to analyze the adequacy of the specified GARCH models as well

as the validity of the variance equation by investigating the η2t series.

If the model is suitable for the data series, then the estimated standardized residuals

should not exhibit conditional heteroskedasticity or serial correlation (Zivot, 2009).

In particular, while the Ljung-Box statistic Q(m) can be used to verify the non-

presence of autocorrelation up to a predetermined lag, the LM statistic is used to

assess whether some remaining ARCH effects are still present over the whole series

(Zivot, 2009).

Table 7.4 presents the results of the Q(m) statistic for η2t . It is evident that no au-

tocorrelation in the squared standardized residuals is found, thus the null hypothesis

3The standardized residuals are calculated by dividing the residuals by their conditional standard

deviation ηt = at
σt

.
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cannot be rejected at all relevant significance levels. It can be then stated that the

GARCH (1, 1) fits the time series reasonably well over time. Note that this conclusion

can only be applied to the considered order, while superior results might come up if

using higher-order models.

NS NMF NQF

Q(m) Statistic p-value Q(m) Statistic p-value Q(m) Statistic p-value

Lag[1] 1.7493 0.1860 Lag[1] 0.1845 0.6676 Lag[1] 0.0048 0.9446

Lag[5] 2.3883 0.5300 Lag[5] 6.0579 0.0872 Lag[5] 5.1247 0.1434

Lag[9] 4.4411 0.5158 Lag[9] 8.1780 0.1189 Lag[9] 7.2449 0.1795

ES EMF EQF

Q(m) Statistic p-value Q(m) Statistic p-value Q(m) Statistic p-value

Lag[1] 0.0275 0.8683 Lag[1] 0.2608 0.6096 Lag[1] 0.0120 0.9127

Lag[5] 0.0877 0.9986 Lag[5] 0.8849 0.8851 Lag[5] 0.2887 0.9849

Lag[9] 0.1292 1.0000 Lag[9] 1.4891 0.9565 Lag[9] 0.8150 0.9927

Table 7.4: Ljung-Box test for no autocorrelation of squared standardised residuals η2t . Critical

values (significance level in parentheses) for the Q(m) statistic (df=2 ) are: 4.605 (10%), 5.991

(5%), 9.210 (1%). Three different lag orders are shown by default in the statistics software R. They

are calculated as Lag[1], Lag[2 ∗ (p+ q) + (p+ q)− 1], Lag[4 ∗ (p+ q) + (p+ q)− 1].

7.3 Multivariate GARCH Model

In the financial world, it is rare to only have a single asset, so that the determination

of correlation coefficients gains importance. The implementation of a model which

jointly considers two or more assets would be expected to improve financial decisions

(Engle & Sheppard, 2001). While univariate models are referred to a single time se-

ries, and therefore only handle the conditional variance, multivariate GARCH models

specify an equation that determines how the covariance moves over time (Brooks,

2008, p. 432).

Hence, in order to compute time-varying hedge ratios, it is essential to compute time-

varying covariance matrixes (Engle & Sheppard, 2001). Hedge ratio decisions should

consider the most recent information and adjusting for changing correlation and vari-

ance is then necessary (Engle, 2002).

Bollerslev, Engle and Wooldridge (1988) were the first to introduce a multivariate

GARCH model. However, their VECH model required the estimation of 21 parame-

ters even in the case of only two assets (Bollerslev et al., 1988). In the same paper, they

proposed a diagonal -VECH which seemed to improve the situation. Subsequently, in
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1990, Bollerslev (1990) introduced the constant conditional correlation (CCC) multi-

variate GARCH specification and in 2001 Engle and Sheppard (2001) generalised a

new class of estimators that allow the correlation to change over time. This is known

as dynamic conditional correlation (DCC) GARCH and it claims to be “flexible as the

univariate GARCH but easier than the traditional multivariate GARCH” (Guidolin

& Pedio, 2018; Engle & Sheppard, 2001).

Although the CCC-GARCH is easy to estimate, it presents two major drawbacks.

Firstly, empirical studies suggest that the correlation may significantly vary during

crises or high volatility periods; secondly, the estimator struggles in modelling the true

interaction between the different assets (Zanotti et al., 2010). Thus, the assumption

of constant correlation appears to be too restrictive, especially considering the high

volatility that characterises the electricity market. For this reason, this thesis only

performs the DCC-GARCH, which seems to provide more suitable estimators able to

overcome the limitations of the CCC-GARCH.

Following the same procedure pursued for the univariate model, it may be useful to

run an ex-ante test to check whether the data series exhibit multivariate ARCH effects.

Amongst the literature, few statistics are referred specifically to the multivariate

GARCH (Bauwens, Laurent & Rombouts, 2006). The Lagrange Multiplier (LM)

test for assessing whether ARCH effects are present is typically used and it has been

applied accordingly in this thesis. Although this test was presented for a single series,

a modified version (MLM) can be used to detect multivariate ARCH effects (Hacker

& Hatemi-J, 2005). The hypotheses are stated similarly as before:H0 : no multivariate ARCH effects

Ha : multivariate ARCH effects

The test statistic is calculated on a vector of squared residuals at time t (Hacker &

Hatemi-J, 2005). Again, under H0, the LM statistic is asymptotically distributed as a

chi-squared χ2
mk2 with mxk2 degrees of freedom (where k is the number of the assets

included in the model)4 (Tsay, 2014; Hacker & Hatemi-J, 2005).

Table 7.5 shows that all the considered datasets provide enough evidence to reject

the null hypothesis, and thus multivariate ARCH effects are present at all significance

levels.

4For a formal proof of the model’s mathematical generalization see Tsay (2014).



Chapter 7. Dynamic Hedging Models 87

Q k(m) Statistic p-value

NMF 225.2656 0.0000

NQF 244.0635 0.0000

EMF 98.1979 0.0000

EQF 148.2942 0.0000

Table 7.5: (M)LM test for no multivariate ARCH effects and respective p-values. Critical values

(significance level in parentheses) for the Qk(m) statistic (df=24 ) are: 33.196 (10%), 36.415 (5%),

42.979 (1%). As specified in Tsay (2014), R specifies Qk(m) as the Ljung-Box test (regular

multivariate version), which in this case is considered as asymptotically equivalent to the

multivariate ARCH LM test.

7.3.1 DCC-GARCH

The DCC version is defined as a model leveraging on a two-stage estimation process

with the first step outlining the residuals through a univariate GARCH for each asset

and the second one in which these residuals are used to determine the parameters for

the dynamic correlation formula. These two phases are then combined at each time

t to determine the covariance matrix Ht (Engle & Sheppard, 2001).

The DCC is based on the generalization of the standard result: σit,jt = σitρijtσjt ;

hence, the conditional covariance matrix of the returns can be expressed as (Engle &

Sheppard, 2001):

Ht = DtRtDt (7.10)

Where Dt is a k x k diagonal matrix of time varying standard deviations with
√
σ2
it

on the ith diagonal, and Rt represents the conditional correlation matrix; the latter

characterizes the main feature of this model (Engle & Sheppard, 2001). So, for a

portfolio composed by k = 2 assets:

Ht =

[
σ2
it σijt

σijt σ2
jt

]
=

[
σit 0

0 σjt

][
1 ρijt

ρijt 1

][
σit 0

0 σjt

]
(7.11)

The conditional variance of each asset σ2
it can be estimated through a univariate

GARCH(1, 1) model (Chang et al., 2010) as it has been specified in sub-section 7.2.3.

In particular, Rt has to be positive so that the covariance matrix is both positive

defined and all its elements are ≤ 1. To ensure that both the requirements are

followed, it is expedient to have (Engle, 2002):

Rt = Q∗−1t QtQ
∗−1
t (7.12)
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Q∗t =


√
q11 0 . . . 0

0
√
q22 . . . 0

...
...

. . .
...

0 0 . . .
√
qkk

 (7.13)

Where Q∗t is a diagonal matrix composed by the squared roots of the diagonal elements

of Qt, and the latter is a k x k symmetric positive definite matrix:

Qt = (1− θ1 − θ2)Q̄+ θ1ηt−1η
′
t−1 + θ2Qt−1 (7.14)

θ1 and θ2 are scalar parameters used to model the effects coming from the previous

shock and the previous dynamic conditional correlation, respectively. Both param-

eters have to be positive and θ1 + θ2 < 1, so that Qt > 0. Q̄ is the unconditional

covariance matrix of the standardized errors ηt deriving from the first stage (Chang

et al., 2010; Basher & Sadorsky, 2016 ; Engle & Sheppard, 2001).

Chapter 7 has concluded the presentation of the models chosen in this thesis to

estimate the optimal hedge ratios. By defining the concept of volatility clustering, it

has contributed to understanding the statistical reasons for selecting volatility models

such as the univariate and multivariate GARCH. The Box-Jenkins approach has been

followed throughout the whole section with the goal of identifying, estimating and

checking the adequateness of the estimators. In summary, the considered time series

exhibit conditional heteroskedasticity, which have been correctly modelled through a

GARCH(1, 1). Finally, a high-level presentation of the DCC-GARCH has been drawn

with the aim of preparing the reader to follow these concepts when the time-varying

hedge ratios will be illustrated in Chapter 9.



Chapter 8

Performance Measures

A necessary passage to answer the research questions is quantifying the effectiveness

of the hedging strategies presented in Chapters 6 and 7. For this reason, it appears

now essential to head towards the presentation of the theory behind the performance

measures that will be used in Chapter 9, when the core analysis will be effectively

pursued. Secondly, this section differentiates between the in-sample estimation period

and the out-of-sample, explaining which particular type of process will be used for

forecasting.

8.1 Hedging Effectiveness

The success of the different strategies can be essentially measured on the magnitude

of risk reduction. At this end, several techniques have been developed, all with a clear

common objective: the variance minimization (Cotter & Hanly, 2006). Nevertheless,

multiple critiques have been moved in this regard, since equal weights are assigned

to both positive and negative returns. A measure embedding both risk and return

would then be more appropriate (Cotter & Hanly, 2006).

The performance indicators used in this thesis are variance and value at risk (VaR).

Practically, these hedging effectiveness (HE ) measures have two further crucial weak-

nesses. Firstly, they fail on taking into account the transaction costs. Indeed, when

comparing the goodness of static and dynamic hedging strategies, failing to consider

the costs of rebalancing the portfolio, as implied by the DCC-GARCH, might over-

estimate the potential benefit of updating the hedge ratio over time. Secondly, as

different financial players evaluate the risk reduction according to their personal pref-

erences, the diversity on their risk aversions needs to be included.

In this thesis, assuming a specific level of transaction costs is problematic since they

can have both monetary and non-monetary natures. In particular, the former refers
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to the impossibility to effectively calculate the exact amount of money that rebal-

ancing the portfolio on a weekly basis would imply. Whereas the latter means that

the cost-opportunity of pursuing such a time-consuming strategy would need to be

taken into account. Lastly, risk preferences could be included by developing a mea-

sure of utility maximization, although assuming a specific degree of risk-aversion for

an arbitrary investor would be too speculative.

8.1.1 HE1 - Variance

One of the most straightforward and computationally easy methods used for hedging

performance evaluation is the variance reduction. It represents how much of the

hedged portfolio variance has been reduced compared to an unhedged portfolio, after

having built the former considering the models’ estimated OHR (Cotter & Hanly,

2006). Benchmarking to a portfolio wholly composed by a long spot position is

a widely used practice in the field and will be embraced accordingly in this thesis

(Byström, 2003; Zanotti et al., 2010; Hanly et al., 2018). As such, Kroner and Sultan

(1993) suggest HE1 to be calculated basing on the variance of a hedged portfolio (rhp,t)

and the variance of an unhedged portfolio (rup,t) return series, definitions follow:

σ2(rhp,t) = σ2(rs,t −HRrf,t) (8.1)

σ2(rup,t) = σ2(rs,t) since rup,t = rs,t (8.2)

Where HR is the optimal hedge ratio modelled using the different hedging strategies

presented along Chapters 6 and 7. The performance measure is then identified as

(Johnson, 1960):

HE1 = 1− σ2(rhp,t)

σ2(rup,t)
(8.3)

By looking at equation 8.3, it is clear that when the futures instruments manage to

eliminate the entire price risk, HE1 will be 1, whereas it is 0 when the strategy does

not prove to be useful at all. Also, if the variance reduction is less than 0, the hedging

strategy even underperforms the unhedged portfolio. Clearly, the higher the HE1 the

better the hedging model is at mitigating the risk.

This measure has found frequent applications in the literature, as volatility is consid-

ered to be the primary tools for quantifying the market’s financial risk. In particular,

Ederington’s (1979) was the first study to implement this measure of effectiveness,

highlighting its ease of calculation and interpretation. Subsequently, HE1 has been

the reference performance measure amongst electricity hedging literature, such as

Byström (2003), Zanotti et al. (2010) and Hanly et al. (2018).
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However, uncertainty minimization jointly leads to utility maximization solely in

the case in which the futures follow a martingale1 distribution (Byström, 2003). Be-

sides, although this measure assigns the same importance to positive and negative

returns, hedgers are more concerned with the left-hand tail of the return distribution.

By also considering the fact that in reality financial returns are seldom normally dis-

tributed, so that first and second moments alone are not sufficient, providing complete

performance measures may be necessary (Cotter & Hanly, 2006).

8.1.2 HE2 - Value at Risk

More recently introduced, the second performance measure is the value at risk (VaR)

reduction. As the most widely used risk measure, the VaR attempts to provide a

single number in which the portfolio total risk is condensed. It is here important to

associate a specific VaR measure for each of the portfolios estimated via the different

OHR (Cotter & Hanly, 2006).

This measure of risk aims to estimate the maximum loss which may occur at a certain

significance level (probability level) over a definite time (Embrechts et al., 2005). In

other words, it is the maximum expected loss that we are X% certain will not be

exceeded over a period T (Hull, 2018, p. 271). Formally, given a confidence level α ∈
(0, 1), the portfolio VaR is given by the minimum number l such that the probability

of having a loss L greater than l is not larger than (1− α) (Embrechts et al., 2005):

V aRα = inf{l ∈ R : P (L > l) ≤ 1− α} = inf{l ∈ R : FL(l) ≥ α} (8.4)

That is, the VaR is simply a quantile of the loss distribution. The conventional value

of α = 0.95 is chosen in the thesis. After a series of mathematical assumptions, which

are considered not in scope and are not presented, the VaR at 95% for a normal

distribution is (Embrechts et al., 2005):

V aR95% = µ+ σφ−1(α) (8.5)

Where φ−1(α) is the 0.95-quantile of the standard normal distribution function.

The VaR reduction is then calculated similarly to the variance reduction, as the

underlying concept is analogous:

HE2 = 1− V aR95%(rhp,t)

V aR95%(rup,t)
(8.6)

This hedging effectiveness metric holds the same numeric interpretation of HE1 and

for this reason is not repeated here. HE2 has been used over electricity hedging

literature (Hanly et al., 2018), and will be further applied in Chapter 9.

1By definition, a martingale is a stochastic process in which the conditional expectation of a

value at time t− 1 is equal to the same value at time t (Hirsa & Neftci, 2014).
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8.2 Method for Accuracy Prediction

It is now expedient to underline that hedgers are normally less concerned about past

performances, but rather about how they would perform in the future if the same

strategies are held (Kroner & Sultan, 1993). In the financial world, long-term deci-

sions are clearly affected by future events. In order to evaluate the truthfulness of the

model, a holdout sample will be used to construct out-of-sample forecasting (Brooks,

2008, p. 245). Researchers commonly agree that models should be evaluated on the

basis of out-of-sample data rather than on the goodness of the prediction over the

past data (in-sample) (Tashman, 2000).

Although in-sample hedge ratios are the ones generated from the same dataframe

that was employed to estimate the models’ parameters and are therefore expected to

be relatively good, out-of-sample forecasting may be important in order to test the

models’ adequacy (Brooks, 2008, p. 245). Thus, the in-sample period will be used to

estimate the most suitable models, while the out-of-sample will be used to draw up

assessments about their forecasting accuracy (Tashman, 2000).

In the literature, the decision about when each of the in-sample and out-of-sample

sub-period starts and finishes is widely considered as arbitrary (Brooks, 2008, p. 245).

Consequently, in this thesis sub-period 4 is intuitively the one selected to represent a

period as such.

As extensively mentioned, the näıve and OLS hedge ratios do not require a re-

balancing of the portfolio’s weights. For this reason, these models’ OHRs, estimated

from the in-sample dataset, are tested directly over sub-period 4. In other words,

the first three sub-periods composed respectively by 375 and 381 observations for the

Nordics and EEX, are processed to estimate the hedge ratios. These will be then

used over the out-of-sample data set of 127 (Nordics) and 128 (EEX) datapoints with

the aim of testing whether the hedge ratios computed from the in-sample period can

perform equally well in sub-period 4.

Turning now to the dynamic hedge, it is important to set the basis for the fore-

casting estimates. There are two main methods to perform out-of-sample forecasts:

the one-step-ahead and the multi-step-ahead. The first is used to singularly assess

the next observation, while the latter is used to evaluate the next n periods (Brooks,

2008, p. 246). Even the whole estimation period may be modelled by two different

procedures: through a recursive window, in which the period has a fixed initial date

and additional observations are added gradually, and with a rolling window, where

the length of the estimation stage is kept fixed and it moves progressively by a sin-
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gular observation (Brooks, 2008, p. 246).

With the aim of forecasting the hedge ratio through a DCC-GARCH model, a one-

step-ahead method with rolling window has been selected. The xth OHR is calculated

through the one-step-ahead forecast of the covariance divided by the one-step-ahead

forecast of the variance. For instance, for the first forecasted hedge ratio at time t+ 1

(17/06/2017)2, only the (in-sample) observations up to 16/06/2017 have been used.

Subsequently, the hedge ratio at time t+ 2 is estimated with the same procedure; the

length of the time frame used for the computation of OHRt+2 is unchanged (375 ob-

servations) but it now spans from 06/01/2010 to 17/06/2017 (instead of 05/01/2010-

16/06/2017). For the following weeks, this process is repeated by adding a new weekly

observation and deleting the oldest. By doing so, the model is continuously updated,

and the hedge ratio is computed accordingly on a weekly basis, ultimately producing

127 (Nordics) and 128 (EEX) forecasted portfolios.

As extensively presented in Chapter 7, the DCC-GARCH model assumes that both

the conditional variance and the conditional covariance are time-varying. The forecast

equation for the one-step-ahead at time t+ 1 can be written as:

Ĥt+1 = D̂t+1R̂t+1D̂t+1 (8.7)

Where Ĥt+1 denotes the forecasted value for the conditional covariance matrix and

the other notations are the same as specified in sub-section 7.3.1. The two-steps

procedure which has been formerly presented is held for the forecast procedure as

well. Firstly, the D̂t+1 is computed as:

D̂t+1 = diag
(√

σ̂2
i,t+1,

√
σ̂2

j,t+1

)
(8.8)

Then, the second step includes the estimation of R̂t+1. However, as pointed out by

Engle and Sheppard (2001), E[diag(Q−1t )Qtdiag(Q−1t )] is unknown, thus the forecast

cannot be directly carried out as it requires making a specific assumption beforehand3.

Then:

R̂t+1 = Q̂∗−1t+1 Q̂t+1Q̂
∗−1
t+1 (8.9)

After having estimated both D̂t+1 and R̂t+1, the one-step-ahead forecast for Ĥt+1 can

be ultimately processed (Engle & Sheppard, 2001). As for the näıve and OLS models,

the results from the DCC-GARCH forecast will be presented in Chapter 9.

2The date refers to the Nordic market, while it is 22/06/2017 for the EEX. Complete dates are

shown in Table 5.1.
3For assumption specification and full mathematical derivation, see Engle (2002).



94 Chapter 8. Performance Measures

This chapter has provided the tools for practically measuring the effectiveness of

pursuing futures hedging strategies. The applied HE1 and HE2 have been defined as

the variance and the VaR reductions, respectively. Also, sub-section 8.2 has explained

that the out-of-sample forecasts will be pursued by using a one-step-ahead with rolling

window method. Overall, Chapter 8 has been a key to open the field for this thesis’

analysis (Chapter 9). In that section, similarly for the in-sample data frame, the out-

of-sample forecast will be evaluated on the basis of both variance and VaR reductions.



Chapter 9

Analysis and Results

Chapter 9 mainly serves to present the results obtained from the core analysis of this

thesis. The analysis is run over all the financial instruments as well as in both the

Nordic and German markets. The considered models are specified such as it has been

presented during Chapters 6, 7, and 8. The rationale behind this section is to provide

empirical evidence to answer the research questions stipulated in the first chapter.

This chapter is primarily divided into two sub-sections, where the first refers to the

in-sample estimation of the relevant hedge ratios whereas the second discusses the

out-of-sample forecast. Furthermore, the in-sample analysis presents the results of

the static and dynamic hedge ratios calculations as well as the application of two

performance measures on the data. On the other hand, the out-of-sample analysis

refers to the forecasting of “future” hedge ratios alongside the holdout period (sub-

period 4). Finally, these forecasts are assessed using the same effectiveness measures

as above.

9.1 In-Sample Analysis

This sub-section is used as a summary of the estimated in-sample hedge ratios and

provides their interpretation for the scope of this thesis. However, the entire family

of parameters cannot be interpreted, and some of them need to be left out. The

reason for this lies under the ultimate and limited interest of the thesis, being the

hedge ratios’ computation and application to the considered portfolio. Therefore, an

extensive presentation of the coefficients that do not serve as a primary mean for

answering the research questions is overlooked.
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9.1.1 Static Hedge Ratios

For what concerns the näıve hedge, the respective ratio is not assessed further here,

as it is constantly equal to 1. However, together with the unhedged strategy (which

represents a portfolio having a unitary spot position), these will serve as useful bench-

marks when assessing the hedging effectiveness of the other hedge ratios.

As presented in Chapter 6 and in equation 6.3, the static OLS hedge ratio is esti-

mated via the linear regression between spot and futures log-returns. Particularly, it

is identified as the slope coefficient β of the linear regression line. As previously said,

the OLS hedge is the one that theoretically minimises the portfolio variance.

Table 9.1 illustrates the OLS estimated parameters when the linear regression is fitted

between spot and monthly futures contracts. The table keeps the sub-period division

made in Chapter 5 and it thus presents the appropriate coefficients for sub-periods

1 to 3 as well as for the full in-sample dataset. The labelling follows the same line

throughout the thesis.

Nordic EEX

β α R2 β α R2

Sub 1NSMF 1.5456645∗∗∗ 7.805580e-04 0.2058 Sub 1ESMF -0.2771846 -2.774097e-05 0.0023

Sub 2NSMF 1.0792282∗∗∗ 1.175433e-03 0.1196 Sub 2ESMF 4.3037162∗∗∗ -4.914681e-03 0.0352

Sub 3NSMF 0.3892871∗∗∗ -2.664968e-05 0.0301 Sub 3ESMF 0.2545065 -2.117265e-04 0.0016

Full NSMF 1.0256311∗∗∗ 5.288970e-04 0.1195 Full ESMF 0.8063117 -2.773396e-03 0.0054

∗p < 0.1; ∗∗p < 0.05; ∗∗∗p < 0.01.

Table 9.1: OLS estimated hedge ratios using monthly futures returns as the regressor. The table

also includes the regression line intercepts and R2.

From the table, some key comments can be then extracted. Firstly, in both market

areas, a very broad range of hedge ratios are registered across the different time inter-

vals. This matches with the time-varying volatility concept characterising the energy

market, as previously mentioned. Particularly for the Nordics, the estimated βs span

from 1.54 to 0.39, indicating that the hedger might enter a short position which is

alternatively higher or lower than the opened spot position. For the whole in-sample

period, this coefficient is close to one, almost meeting the position implied by the

näıve hedge. On the other hand, completely different results come up for the German

market. Apart from the great hedge ratios’ variability, two peculiar results are visible:

a negative and a significantly high β. The latter is referred to sub-period 2, and it is

likely to be related to the very extreme data point presented in sub-section 6.2.2 for

the same time span, which might misrepresent the true relationship between the two

financial instruments. Instead, a negative hedge ratio implies to take a long position

in the futures contract as well. This phenomenon might be strictly connected to the



Chapter 9. Analysis and Results 97

negative correlation coefficient found in sub-section 5.5 under sub-period 1. Clearly,

this impacts the sign of the hedge ratio due to a simple algebraic property, as showed

in equation 3.5.

The reason of having high hedge ratios can be mathematically explained by looking

at equation 3.5, where the calculation for the OHR highlights that having periods of

high volatility could increase the OHR itself. Table 5.4 proves this to be the case by

showing that the standard deviation is quite higher on the sub-periods where there

is a correspondingly high β.

The same OLS procedure has been set up for the spot returns and the quarterly

futures returns, and its estimated parameters are presented accordingly in Table 9.2.

By looking at the β values, it is noticeable that the hedge ratios are characterized by

analogous features as the ones related to monthly futures. Overall, for the Nordics, the

slope coefficients are slightly lower for the quarterly contracts, whereas for Germany

they are somewhat both higher and lower.

Nordic EEX

β α R2 β α R2

Sub 1NSQF 1.4543701∗∗∗ -1.480440e-04 0.1003 Sub 1ESQF -0.3421936 5.272985e-05 0.0022

Sub 2NSQF 0.8700526∗∗∗ 6.123099e-04 0.0349 Sub 2ESQF 5.4923890 -4.532073e-03 0.0214

Sub 3NSQF 0.1693672 -1.182193e-04 0.0038 Sub 3ESQF 0.4375708 -1.631032e-04 0.0035

Full NSQF 0.8101414∗∗∗ 1.052035e-04 0.0428 Full ESQF 0.7550198 -2.862001e-03 0.0029

∗p < 0.1; ∗∗p < 0.05; ∗∗∗p < 0.01.

Table 9.2: OLS estimated hedge ratios using quarterly futures returns as the regressor. The table

also includes the regression line intercepts and R2.

The tables also underline the R2 for the OLS linear regressions. As mentioned in sub-

section 6.2, in this context, this statistic represents a measure of the variance reduction

that a hedger might benefit from after using this hedge ratio. The values are varying

significantly between periods and markets, indicating that the strategy does not have

unique performances. This will be discussed more thoroughly in Chapter 10.

9.1.2 Dynamic Hedge Ratios

9.1.2.1 DCC-GARCH Estimated Parameters

This sub-section presents the estimated parameters of the DCC-GARCH model for

each portfolio. For reference, see Appendix A.6 and A.7, where the coefficients have

been obtained from modelling the conditional mean and conditional variance pre-

sented in Chapter 7.
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Referring to the Nordic market, the conditional mean for the spot series suggests

a φ1 of 0.702. This means that the return at time t − 1 has a positive impact (AR

effect) on the return at time t. The MA factor, γ1, has a value of -0.913, indicating

the negative association between rt and at−1. Both monthly and quarterly futures

are modelled as white noise processes and thus they exhibit constant mean, constant

variance and no autocorrelation (Brooks, 2008, p. 209); consequently, they do not

provide any AR or MA parameters in the conditional mean.

Turning now to the EEX market, it can be noticed that, while spot and monthly

futures display solely MA parameters with a respective value of -0.164 and -0.016,

the quarterly futures have only the AR parameter, meaning that the returns are

positively influenced by 0.132 only in rt−1.

Understanding the volatility development over time is essential in a hedging con-

text, as it results strictly connected to the underlying electricity price process (Gian-

freda, 2010). Indeed, a high volatility represents one of the most important features of

these two markets. From Table 5.4, it is possible to observe the presence of differences

between the spot and the futures volatilities. These traits should be reflected in the

model used to fit these data series.

The univariate GARCH parameters for all the time series are also presented (Ap-

pendix A.6 and A.7). For the Nordics, the ARCH effect, α1, is 0.572 for the spot

series, while for monthly and quarterly futures contracts is 0.197 and 0.185, respec-

tively. Clearly, from equation 7.9, it is inferable that the volatility at time t is in-

fluenced by the innovation at−1 with a higher degree in the spot series compared to

the futures. On the other hand, the parameter β1, i.e. the GARCH effect, displays

different results; in particular, it is 0.426 for the spot series, 0.676 for monthly futures

and 0.654 for the quarterly futures. Hence, it follows that large volatility changes

in the futures series will affect futures volatility for a longer period of time since the

decay is slower.

The identified disparities between the parameters highlight the different mean-reversion

pace and denote the magnitude of the volatility. Interestingly, while the α1 term states

the short-term persistence, β1 indicates the long-term persistence (Basher & Sadorsky,

2016). A GARCH model with a relatively high α1 and a relatively low β1, tends to

display volatilities with short memory, and vice versa. The statistical significance of

these two parameters reports evidence of volatility clustering (Basher & Sadorsky,

2016).

For the EEX market, it is clear that the GARCH parameters related to the spot series

do not provide evidence of ARCH effect as already mentioned in sub-section 7.2.2;

indeed, the non-significance of the β1 coefficient is a further proof for the absence of
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such effects. Similarly to the Nordics, the futures contracts in the German market

display a higher β1 compared to α1, and their statistical significance indicates again

presence of volatility clustering.

Moreover, it is noticeable from the table that the sum of α1 and β1 is close to 1 for all

the time series, thus providing evidence that the volatility persistence at time t − 1

properly explains the current price volatility (Engle & Bollerslev, 1986). Generally,

α1 + β1 < 1 allows to confirm that all the models are stationary. All parameters are

also greater than 0, thus ensuring positive unconditional variance (Brooks, 2008, p.

394).

The bottom part of Appendix A.6 and A.7 presents the relevant parameters for

the DCC-GARCH model. It is apparent that θ1 is low in all the time series, both

for the Nordic and the EEX markets; the values are statistically equal to zero. θ2

is higher than 0.80, exhibiting a statistic significance different from zero for all the

datasets. Consequently, the conditional correlation appears to be highly influenced

by its lagged value. All the considered time series are characterized by θ1 + θ2 < 1,

indicating that all instruments are mean reverting (Engle, 2002). Since in all data

series only θ2 is statically significant, the conditional correlation can be assumed as

constant over time.

9.1.2.2 DCC-GARCH Hedge Ratios

The OHRs series computed through the DCC-GARCH model are illustrated in Fig-

ures 9.1, 9.2, 9.3 and 9.4. The hedge ratios are modelled through the general equa-

tion 3.9, using time-varying conditional variances and covariances of both spot and

futures contracts.

Figure 9.1: DCC-GARCH estimated hedge ratios using monthly futures (Nordics).
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Figure 9.2: DCC-GARCH estimated hedge ratios using quarterly futures (Nordics).

Figure 9.3: DCC-GARCH estimated hedge ratios using monthly futures (EEX).

Figure 9.4: DCC-GARCH estimated hedge ratios using quarterly futures (EEX).
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A deeper comprehension of the estimated hedge ratios can be derived by reading Ta-

ble 9.3, which allows to make comparisons between different instruments and markets.

Particularly, the EEX has a wider range within which the hedge ratio floats: 48 for the

portfolio with monthly futures and 54 for quarterly futures. Besides, it is important

to notice that the OHRs in this market have also some negative values, probably due

to the negative correlation between spot and futures returns. As mentioned before,

this implies that the hedger is advised to take a long position in the futures.

By comparing the hedge ratios for monthly and quarterly futures, it can be noted

that they are fairly similar in both markets, but the portfolios with quarterly futures

contracts tend to have a higher maximum and a lower minimum.

It is critical to observe the extreme spikes in Figures 9.3 and 9.4. As Figure 2.8

showed, negative prices are existent and can represent the reason of such shocks in

the EEX market, particularly occurring on 23/12/2013. These directly influences the

decision about how many futures contract should be held in the portfolio to offset

such a negative price.

The average value of the hedge ratios with monthly futures in Nordic market is 0.974

and it is higher compared to the one for the portfolio with quarterly contracts (0.925).

This means that on average a slightly higher quantity of futures contracts is necessary

to hedge a portfolio when monthly contracts are used. The opposite applies for the

German market, showing a lower average hedge ratio for monthly (1.204) compared

to quarterly contracts (1.545), both being above 1.

Nordic EEX

MF QF MF QF

Max 6.949195 8.49333 45.01011 51.69501

Mean 0.974866 0.92433 1.20371 1.54501

Min 0.322531 0.22112 -3.65378 -2.83575

Table 9.3: Descriptive Statistics for DCC-GARCH estimated hedge ratios.

Finally, the hedge ratios estimated for the German market seem to display a higher

volatility compared to the Nordics; this can be due to the higher standard deviation

of the underlying spot instrument in each respective market. There might be several

reasons behind this finding, with the most important being the different electricity

production sources. As underlined in Chapter 2, the Nordic market mostly relies in

hydropower plants, characterized by some degree of flexibility, whereas solid fuels are

the principal actors for the German area, way less flexible, if at all, and more prone

to spikes (Hanly et al., 2018).
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9.1.3 Performance Tests

This sub-section contains the assessment on whether the models estimated through-

out the thesis can be considered useful for hedging the portfolio set up in equation 3.2,

namely the hedging performances. The figures only refer to the full in-sample esti-

mation period and its sub-periods 1-3, as motivated in Chapter 8. Comparisons are

pursued both between different periods on the same market area as well as inter mar-

kets. Accordingly, Tables 9.4, 9.5, 9.6 and 9.7 show these in-sample results using both

the HE1 and HE2, already presented in sub-sections 8.1.1 and 8.1.2.

Table 9.4 illustrates the hedging outcomes of all models when using monthly fu-

tures in the Nordic market as the hedging instrument. Both variance and VaR re-

ductions are positive for the greater part of the considered periods, meaning that the

models have been a useful tool for the hedger’s purposes. However, it is noticeable

that in sub-period 3, for the näıve strategy, the two performance measures have a

negative sign, indicating that its results are worse compared to the unhedged portfo-

lio. A similar result characterizes sub-periods 2 and 3 when modelling the data with

the DCC-GARCH.

Comparisons between the models are now meaningful, as the best performing model

can be extracted. Hence, the static OLS model is the most successful during sub-

periods 2 and 3, for both the variance and VaR reductions, whereas the DCC-GARCH

returns the highest effectiveness on sub-period 1 and for the full in-sample period.

Therefore, modelling sub-periods 2 and 3 through a time-varying structure of the

portfolio variance does not seem to represent a tangible improvement. During these

periods, the GARCH models are not correctly foreseeing the underlying volatility

dynamics of spot and futures markets.

It is visible that sub-period 1 is largely the one in which the benefit of the hedge is

greater, registering a variance reduction up to 39%. By looking at the figures for the

other sub-periods, it can be concluded that the relatively high hedging effectiveness

over the full period (22% for the DCC-GARCH) is driven by the first sub-period. The

poorest results are found in sub-period 3, with a mere 3% variance reduction, using

the static OLS hedge ratio. This draws the line to conclude that the variability of

the performance measures is very large, leaving the hedger without any expectation

on embracing equally good strategies over time.

For what concerns the VaR reduction, the percentages are generally lower than HE1,

with a 13% over the full period for the best performing model, the DCC-GARCH.
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Economically, this result can be interpreted through an example: if the hedger owns

a spot-futures portfolio with a value of EUR 100,000 and uses a DCC-GARCH hedge,

she decreases her value at risk of EUR 892 (from EUR 6,835 to EUR 5,943).

Intuitively, hedging strategies are likely to be more effective (and useful) when the

market volatility is higher. Merging Table 5.4 with the results just obtained, a clear

match between the most volatile and most effective sub-period is found. Sub-period

1 proves this to be the case when hedging using monthly futures contracts. Addi-

tionally, since the DCC-GARCH outperforms all the other models during this period,

dynamic hedging models are likely to be more appropriate than static ones when the

market is highly volatile.

Another key takeaway from Table 9.4 is that performance measures could be compu-

tationally higher when the correlation coefficient between spot and futures returns is

greater. Indeed, Table 5.8 suggests this to be true, since both sub-period 1 and full

period are the ones where the highest correlation is found and are consequently the

ones where the highest risk reductions are registered. As mentioned in sub-section 5.5,

the higher the correlation, the closer the futures price follows the spot’s and therefore

the more effective the hedging instrument is to offset spot price fluctuations.

Näıve OLS DCC-GARCH

Sub 1NSMF HE1 0.18019042 0.20584474 0.387164237

HE2 0.10655410 0.12780688 0.222332055

Sub 2NSMF HE1 0.11895713 0.11960169 -0.002238924

HE2 0.07838200 0.08005885 0.022779837

Sub 3NSMF HE1 -0.04398824 0.03010567 -0.001026507

HE2 -0.01242423 0.01870456 0.014932046

Full NSMF HE1 0.11944302 0.11951766 0.220477080

HE2 0.07400375 0.07436909 0.130347137

Table 9.4: Performance measures using monthly futures as the hedging instrument (Nordics)

(decimal figures, highest values in bold).
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Näıve OLS DCC-GARCH

Sub 1NSQF HE1 0.09048925 0.10027671 0.251452293

HE2 0.05261569 0.06080690 0.139272106

Sub 2NSQF HE1 0.03412689 0.03490553 0.007270435

HE2 0.02629511 0.02551974 0.008503859

Sub 3NSQF HE1 -0.08794195 0.00381486 -0.014406441

HE2 -0.03152425 0.00382282 0.010681427

Full NSQF HE1 0.04048591 0.04283865 0.142267551

HE2 0.02878284 0.02837591 0.082162908

Table 9.5: Performance measures using quarterly futures as the hedging instrument (Nordics)

(decimal figures, highest values in bold).

Table 9.5 shows the hedging effectiveness using quarterly futures contact in the

market just presented.

Overall, the two contract lengths return very similar results, highlighting that the

main determinants for the hedging models are quite analogous. Particularly for HE1,

the best performing model is found to be the DCC-GARCH for sub-period 1 and

full period, whereas for sub-periods 2 and 3 the OLS is chosen. On the other hand,

slightly different outcomes are in place when assessing HE2. Firstly, the VaR reduc-

tion is lower by using the DCC-GARCH than the OLS when referring to sub-period

3, contrarily to what emphasized for monthly deliveries. By taking another look at

Table 5.4, it is visible how the returns volatility for the sub-period in question is

higher compared to the other timeframes, suggesting that a dynamic hedge strategy

might model the underlying volatility in a more suitable way. Secondly and counter-

intuitively, the HE2 for sub-period 2 is maximized by using the näıve hedge. That is,

the downside risk of a portfolio is minimized by simply buying unitary positions in

the two financial securities. Important to note that one might consider this a contra-

dictory result, since by construction the OLS cannot be outperformed by any other

static hedge ratio, as presented in sub-section 6.2. This theoretical passage merely

refers to the concept of variance minimization and does not necessarily exclude this

event to happen for other performance measures.

Although the bulk of the two futures contracts’ interpretations is similar, by doing an

intra-market comparison, a general tendency of generating better results lean towards

the monthly delivery contracts. For instance, the forefront hedging models indicate

that, for sub-period 1, the variance reduction is almost 39% and 25% for the monthly

and quarterly deliveries, respectively. For the same argument explained above, Table
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5.8 suggests that this could be closely linked to the generally higher level of correla-

tion between spot and monthly futures than between spot and quarterly futures.

As mentioned at the beginning of this sub-section, inter market evaluations are

important and are at this purpose pursued also to answer one of this thesis’ research

questions. Therefore, the same rationale embraced so far is extended to the German

market, and its performance measures are subsequently presented. Table 9.6 lists the

hedging effectiveness for a portfolio composed by spot and monthly futures contracts.

Several explanations lay above the same line followed for the Nordic market and are

then omitted in this part to avoid redundancy.

By looking at the table, an immediate result pops up: HE1 suggests that the best

strategy is identified in the static OLS for every single sub-period and full in-sample

period. Though, the variance reduction is almost zero, indicating very low poten-

tial for risk management hedging practices. Particularly, the negative sign under the

DCC-GARCH column seems to provide an even worse performance than the unhedged

portfolio. This might be related to the inability of GARCH models to handle severe

and recurrent shocks in the basis, as it is typical principally for the EEX electricity

market (Hanly et al., 2018).

Näıve OLS DCC-GARCH

Sub 1ESMF HE1 -0.048481242 0.002396392 -0.026212971

HE2 -0.012373033 -0.002026282 0.004889945

Sub 2ESMF HE1 0.014470814 0.035232390 0.002071652

HE2 0.012261708 0.039932971 0.015535327

Sub 3ESMF HE1 -0.012790667 0.001687412 -0.045035954

HE2 -0.010916818 -0.000314804 -0.024532129

Full ESMF HE1 0.005163097 0.005479269 -0.006669192

HE2 0.006119562 0.005577511 0.006615737

Table 9.6: Performance measures using monthly futures as the hedging instrument (EEX)

(decimal figures, highest values in bold).

Similar results are presented in Table 9.7 for the quarterly futures. Again, when

measuring HE1, the OLS is the best-performing strategy over all sub-periods and full

period. On the other hand, the OLS VaR reduction is higher for sub-periods 1, 2

and 3, whereas the näıve strategy is the most successful hedge over the full period.

Similarly to the monthly contracts, the DCC-GARCH model produces negative val-
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ues for both the effectiveness measures. Possibly, this might be also associated to

one of the major drawbacks of the GARCH method, which forces a joint distribution

structure that does not apply to reality, especially amongst energy markets (Eydeland

& Wolyniec, 2003).

From these results, it is expedient to conclude that a static OLS hedge might repre-

sent a more adequate model in a way in which it delivers a greater chance of having

good hedging effectiveness.

Näıve OLS DCC-GARCH

Sub 1ESQF HE1 -0.032809112 0.002280848 -0.065527334

HE2 -0.010560117 -0.000825923 -0.012906992

Sub 2ESQF HE1 0.007096707 0.021440803 -0.013304163

HE2 0.007921516 0.035178482 0.008245599

Sub 3ESQF HE1 -0.002300871 0.003528345 -0.024931003

HE2 -0.002559673 0.001146090 -0.011357047

Full ESQF HE1 0.002678704 0.002993901 -0.018223565

HE2 0.004249217 0.003682648 0.002021706

Table 9.7: Performance measures using quarterly futures as the hedging instrument (EEX)

(decimal figures, highest values in bold).

By recalling the remarkably low correlation coefficients for the EEX market, the poor

hedging outcomes were not unexpected. In sub-section 5.5, the presence of negative

correlation coefficients referred to the assumption made by Basu and Gavin (2016)

about unexploited hedging opportunities. However, in line with what concluded in

their paper, the results found in this thesis suggest that this does not apply to this

particular market either (Basu & Gavin, 2016).

Overall, the high volatility and non-normality of electricity prices, which directly

drive the returns time series, make obtaining decent hedging outcomes quite chal-

lenging. If compared to the broader commodities hedging literature, whose efficiency

ranges between 50% and 90% (Hanly et al., 2018), electricity hedges perform quite

unsatisfactorily.
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9.2 Out-of-Sample Analysis

As discussed in sub-section 8.2, in order to generate more remarkable results, it would

be more interesting to apply the performance measures over the holdout sample. This

approach is handful for a hedger who is less concerned about how these strategies

would have performed throughout the past (in-sample period), but rather on how

the same hedging models will be effective in the future (out-of-sample period). At

this end, the same structure adopted on 9.1 for the in-sample estimation period is

implemented over sub-period 4.

9.2.1 Forecasted Hedge Ratios

This sub-section presents the different hedge ratios forecasted through the same mod-

els applied over the in-sample period. As already stated, the division between static

and dynamic hedges is kept also in this part.

Nevertheless, both the näıve and the OLS hedging strategies imply a hedge ratio

which does not vary over time, but rather is established right before the out-of-

sample window. In other words, static hedge ratios are determined by the hedger on

16/06/20171 and will remain constant up until the time series end.

On the other hand, dynamic hedging strategies require the hedge ratio to change over

the sub-period 4. For this purpose, the DCC-GARCH is developed using a one-step-

ahead forecast which adopts a rolling window method, as explained in sub-section 8.2.

Such a scheme allows the model parameters to vary at each time t + 1, contrarily to

what assumed in the in-sample period.

Figure 9.5 illustrates the resulting forecasted hedge ratios for portfolios composed by

monthly and quarterly futures traded in the Nordic market; whereas Figure 9.6 does

the same for EEX. By comparing the two contract lengths, the out-of-sample period

displays a similar trend.

Although a mere visual analysis is useful, a deeper examination can be extracted

from Table 9.8. In the EEX market, compared to the in-sample estimated hedge ratios

(Table 9.3), it can be noticeable that all the maximum levels of the forecasted ones are

lower, registering a decrease of around 80% (e.g. from 51.69 to 11.27). Additionally,

the mean values moved downwards to a value < 1. Finally, the hedge ratios are still

characterized by negative numbers, implying to enter a long position in both spot

and futures contracts. Similar interpretations are also obtained for the Nordics, but

with a weaker intensity and without any negative sign.

1This specific date applies for the Nordic market, while it is the 21/06/2017 for the EEX.
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Figure 9.5: DCC-GARCH forecasted hedge ratios for the Nordic market.

Figure 9.6: DCC-GARCH forecasted hedge ratios for the EEX market.

Nordic EEX

MF QF MF QF

Max 4.9215922 4.2888179 7.286221 11.27490881

Mean 0.9093021 0.8265857 0.715619 0.87980408

Min 0.4348410 0.3847461 -1.180733 -0.09215491

Table 9.8: Descriptive Statistics for DCC-GARCH forecasted hedge ratios.
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9.2.2 Performance Tests

As it has been similarly done in 9.1.3, this sub-section presents how the hedging mod-

els will theoretically perform over the out-of-sample forecast period. Accordingly,

HE1 and HE2 are presented in Table 9.9 and 9.10.

Näıve OLS DCC-GARCH

Sub 4NSMF HE1 0.112328325 0.111540187 -0.029802003

HE2 0.049151953 0.048511531 -0.030747175

Sub 4NSQF HE1 0.099403568 0.095441930 -0.016838340

HE2 0.041559608 0.041266044 -0.020162895

Table 9.9: Performance measures in the out-of-sample period (Nordics) (decimal figures, highest

values in bold).

Näıve OLS DCC-GARCH

Sub 4ESMF HE1 -0.005592333 -0.004210218 -0.002558651

HE2 0.000226410 0.000319801 -0.004180955

Sub 4ESQF HE1 -0.004086191 -0.002871114 -0.002226603

HE2 -0.001296499 -0.000880503 -0.003850640

Table 9.10: Performance measures in the out-of-sample period (EEX) (decimal figures, highest

values in bold).

The tables show the effectiveness measures for both futures contracts maturities in

the different market areas. Firstly, both static and dynamic models return lower

variance and VaR reductions, compared to the ones found over the in-sample period.

On the one hand, for the Nordic market, the best performing hedging strategy is

found to be the näıve for both HE1 and HE2. On the other hand, in Germany the

DCC-GARCH returns better results in terms of variance reduction, whereas the static

OLS is preferred according to the VaR reduction, compared to the other presented

hedges. However, 3 out of 4 numbers have a negative sign, leading to the conclusion

that, overall in the out-of-sample period, embracing hedging strategies in the German

market even increases the portfolio risk (although of an insignificant amount).

For what concerns the Nordic area, it can be noticed from Table 5.4 that the volatility

characterising sub-period 4 is in line with sub-periods 2 and 3, but significantly lower

than sub-period 1, representing the only one in which the DCC-GARCH outperforms
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the static hedges. The latter are returning higher hedging performances in the sub-

periods where the volatility is similar to the out-of-sample’s. The opposite is found in

the EEX, where sub-period 4 has the highest volatility; indeed, the greater variance

reduction is registered when performing a DCC-GARCH hedge, indicating a better

fit over the static models.

This chapter has provided the outcome from the models’ analyses introduced

throughout Chapters 6 and 7. Furthermore, the performance measures explained in

Chapter 8 have been applied to the estimated and forecasted hedge ratios, for both

static and dynamic strategies. Overall, it can be concluded that the hedging effective-

ness is weak over the periods and in both markets, although showing greater goodness

for the Nordics. It is even more remarkable if these results are compared to other

commodities markets, where hedging strategies normally return more satisfactory re-

sults. Considering the analysis brought over the out-of-sample period, even worse

results have been discovered.

A more thorough explanation of these findings will be debated on the next chap-

ter, where a theoretical background will be applied to these outcomes, to match the

empirical results with the technical characteristics of the underlying market areas.
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Discussion

Considering the lack of an extensive literature on electricity hedging, this thesis is

intended to fill the gap. Its key contribution is to provide evidence about the effec-

tiveness of futures instruments within the existing studies on risk management and

energy finance. To this end, different hedging strategies proven to be successful in

other commodities markets have been adopted; the final aim is to offer a clear insight

into hedging performance measures period-by-period and in two market areas.

This procedure allows to consider whether different contracts may represent bet-

ter instruments compared to others, by highlighting in which situation they provide

greater or worse performances. Moreover, by further segmenting the dataset in four

sub-periods, it has been possible to verify whether some hedging strategies appear

more suitable specifically for phases characterized by either high or low volatility.

Finally, the presentation of the out-of-sample period has been regarded as an impor-

tant comprehension into a more real situation. The ultimate contribution consists in

the presentation of two commonly used hedging effectiveness measures: the classical

variance reduction and a downside risk measure (VaR).

The aim of this section is to further extend the discussion about the reasons

behind the hedging effectiveness results, based on the outcomes presented in sub-

sections 9.1.3 and 9.2.2. The purpose of this part is threefold: firstly, it discusses the

results produced by the Nordic market; secondly, it draws conclusions on the EEX;

thirdly, it compares the two market areas with the aim of explaining the underlying

motivations for such different outcomes. The final results are then compared with

prior researches, in order to provide an assessment about how this thesis fits in the

existing literature.

However, it is important to specify that the obtained results are the product of deci-

sions regarding different data and models; these have been largely motivated through-
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out the thesis and, more importantly, they have been used in consideration of risk

management and energy finance knowledge, existing literature, further discussion

with industry experts and authors’ reflections. Consequently, the results are not

comprehensively applicable in how much they may be biased by the authors’ choices;

different conclusions might be drawn down by just changing the different assumptions.

Overall, the final results suggest that electricity market participants can obtain

some improvement in term of variance reduction by using hedging strategies only in

some periods. Nevertheless, the achieved risk reduction is just a small fraction if com-

pared to the variance cutback that can be obtained using the same procedure over

other commodities markets. This may raise several questions around the raison d’être

of both the role and the utility of futures markets, since trading forwards and futures

plays an important role within management and allocation of the risk associated to

physical market prices (Hanly et al., 2018).

Hedging spot price risk with futures contracts may lead to unsatisfactory perfor-

mances, due to the unusual features of electricity prices, such as volatility and kurto-

sis in their distribution as well as inelastic demand and seasonality (see Chapter 2).

Moreover, the electricity market displays levels of variability that are non-comparable

with those of other commodities (IMF, 2004), being also characterized by volatility

clustering. The combined effect of these traits affects the dynamic relationship be-

tween spot and futures contracts and may generate a weak level of correlation between

their prices.

The non-storability property of electricity, or at least its high cost, together with the

fact that capacity production cannot be interrupted without costs and risks, lead to

problems concerning the amount of electricity that can be effectively delivered (see

Chapter 2). Consequently, matching demand and supply turns out to be complicated.

The model proposed by Fama and French (1987) for commodity futures pricing pre-

sented in sub-section 3.3.2, is based on two pillars: the non-arbitrage opportunities in

the storage and that the futures price can be viewed as the expected spot price plus

a risk premium. Since this model does not fully capture the unique characteristics

of electricity, several problems may arise. Therefore, the cost-and-carry connection

between spot and futures is weaker than the one traditionally found between futures

and their underlying asset.

For the reasons explained, the electricity price development seems to elude the well-

defined spot-futures relationship which rules other commodities markets. In the ab-

sence of a well-understood liaison between futures and its underlying, a market actor

may struggle to operate in the electricity marketplace. Thus, electricity market par-
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ticipants may encounter difficulties when hedging their exposure to price risk by using

low correlated futures instruments.

Throughout the thesis, two different delivery windows have been used in order to

prove whether a contract with a specific delivery may represent a better instrument

in either separate periods or markets. An aspect inferred from Tables 9.4, 9.5, 9.6

and 9.7 is that monthly futures seem to provide better results compared to quarterly

futures, regardless of the chosen strategy. As discussed already, monthly contracts

have a higher trading volume and thus appear to be more liquid; shorter-term futures

are more correlated with the underlying asset, allowing for higher risk reductions.

The two electricity markets analyzed generate different findings. Hereafter, some

distinctions are presented in order to shed some light over the reasons of such het-

erogeneous results. Starting from the Nordics, it is evident from Tables 9.4 and 9.5

that there is no strategy which uniquely provides better result in term of variance

and VaR reductions. Indeed, while the OLS model performs better in sub-periods 2

and 3, the dynamic strategy delivers higher risk cutbacks in sub-period 1 and over

the whole in-sample period. It is now important to emphasize two aspects: firstly,

the DCC-GARCH model shows good results only over the periods where it is chosen

as the best strategy, but it offers sub-optimal results over the others, even increasing

the variance compared to the unhedged position. Generally, it is noticeable that this

dynamic model offers better performances compared to the static models in periods

characterized by relatively high volatility.

However, by looking at the obtained results from a broader perspective, an interesting

finding is inferable: the periods characterized by the highest correlation between spot

and futures are the ones displaying the best performance. Particularly, the sub-period

with the highest correlation shows a variance reduction of about 39% with monthly

and 25% with quarterly futures.

It appears that hedges turn out to be effective only in short periods, where futures

result to be highly correlated with the underlying asset. Unfortunately, the volatile

nature of the electricity market leads to think that high correlation may only occur

infrequently and even more importantly, it appears difficult to forecast. Gjolberg and

Johnsen (2001) have attempted to clarify this relationship in the Nordic market. By

relying on the theory of storage, they demonstrated that investors are susceptible

to observed changes in the storage level, particularly characterising electricity pro-

duction with hydro reservoirs. The paper concluded underlining the fundamentals’

inaccuracy and that the price may behave irrationally as the market is still young

and learning (Gjolberg & Johnsen, 2001).
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Turning now to the EEX market, it is straightforward to notice that the best-

performing strategy is the static hedge. Although the VaR reduction measure provides

different results over the full in-sample period, the variance reduction undoubtedly

points at the OLS as the best available strategy. The relatively poor performances

of the DCC-GARCH model may be attributed to stochastic volatility specifications

which struggle to handle large and frequent spikes in the basis, heavily defining the

EEX market (as mentioned in sub-section 9.1.3). This flaw has showed up also in even

less-volatile commodities such as oil (Alexander, Prokopczuk & Sumawong, 2013) and

equities (Lee & Yoder, 2007).

Nonetheless, even though the OLS model seems to provide relatively better results,

no one strategy meets the generally accepted definition of highly effective hedging

strategy: the highest variance reduction is merely 3% in sub-period 2. Overall, the

estimated hedge ratios reveal to be erratic and sometimes counter-intuitive hedges;

this may depend on the remarkably low, or even negative, correlation between spot

and futures positions.

The nature of electricity supply and demand has some consequences also in the

spot price determination. As already mentioned in Chapter 2, prices tend to exhibit

seasonality, spikes and high volatility. Although, this does not fundamentally explain

why the two electricity market areas show so different results.

Demand is characterized by low price-elasticity (Bye & Hansen, 2008) and, as a con-

sequence, the spot price is largely determined from the supply side. In particular,

power plants have short-run marginal costs which are strictly linked to their genera-

tion technology. As presented in sub-section 2.4.2.1, whenever the demand increases

to such a level in which the low-cost base load generation is not enough, more expen-

sive power plants are turned on, implying an increase in prices. Therefore, as Redl

and Bunn (2011) demonstrated, a secondary commodity like electricity is affected

by the price risk of the underlying fuels. Hence, this market is part of the energy

commodity bundle and probably its volatility is influenced by both the production

structure and the generational fuel mix characterizing each market.

In the Nordic market, 54% of the annual electricity production stems from hydro

power plants, whereas EEX electricity is derived principally from nuclear and coal-

fired generation (see sub-section 2.5). While hydro-based production turns out to be

very flexible, the nuclear- and coal-based result to be less flexible and more prone to

spikes. These properties, in addition to the recent installation of huge wind farms,

have made the electricity price in the German market even more unpredictable, ulti-

mately increasing its volatility (Hanly et al., 2018).
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The out-of-sample forecasts exhibit even inferior results compared to the in-sample

period. Once again, the GARCH model does not seem to handle too much uncer-

tainty, yielding a higher volatility compared to unhedged position. The static model

does not provide better results either, due to the negative correlation registered over

the period.

These negative results may also derive from the forecasted hedge ratio itself, proving

that the implementation of the best-fitting strategy of the past may not remain the

best available option for the future. The instability highlighted in the different as-

pects of market co-movements over the short-term, may lead investors to struggle in

reducing their market exposures by hedging with futures contracts.

The conclusions of this thesis add to an existing literature characterized by contra-

dictory outcomes. In particular, the research conducted by Hanly et al. (2018) have

shown the relatively poor performance of electricity futures as hedging instruments,

especially in the German market compared to the Nordic. Moreover, they found that

good results can be obtained only over some periods, but that the whole risk reduc-

tion is of minor entity when compared to other energy commodities. Analogously,

Zanotti et al. (2010) showed that daily hedges are relatively unsuccessful, providing

a risk reduction of about 2-3%. This thesis’s findings do not provide dissimilar or

improved results compared to the literature, raising further questions about the real

utility of futures contracts as hedging instruments. Chapter 11 will discuss how the

thesis intends to add meaningful value by providing clear answers to the research

questions raised in Chapter 1.
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Conclusion

This conclusive section purely provides direct answers to the two research questions

formulated in the introductory chapter and leaves out a more discursive summary of

the findings pursued throughout Chapter 10.

This thesis has extensively analyzed the ways in which an actor operating in the

electricity market can cover the risk of an open position by using futures contracts.

In particular, the scope revolves around both the Nordic and the German power mar-

kets, in a time period ranging from 05/01/2010 to 30/12/2019. Every single chapter

partially contributes to narrowing down to the final answers, although a direct link

with the discussion section is here implicitly assumed to track the line of thought the

authors have followed when answering the coming questions.

Does the hedger effectively mitigate the electricity price risk by using futures con-

tracts?

The empirical analyses show contradictory results when committing to answer this

question, and providing a univocal solution is regarded as problematic due to the elec-

tricity market uniqueness. Static and dynamic hedges suggest alternatively winning

models, although not randomly. The analyzed strategies are directly dependent from

both correlation and variance, which in this market are extremely instable. Market

characteristics severely change over time, implying a positive/negative risk mitigation

that strictly varies on a period-by-period basis. Having registered both positive and

negative final outcomes from the hedging practices, overall, this study concludes by

suggesting that the hedger cannot effectively mitigate the price risk.
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Does the choice on the optimal hedge ratio depend on a specific market area? Is hedg-

ing more effective in the Nordics or in Germany?

Inter-market comparisons are the second focal point of the thesis, so that fair judge-

ments between the two market areas have been always brought forward. Specifically,

even though the traded commodity is exactly the same, namely MWh of electricity,

market fundamental differences are present. Electricity is closely dependent to its

production sources, highlighted to be quite diverse over the two regions. Therefore,

the shocks in the price development are strictly reliant on the market itself. Intu-

itively, from the results it is noticeable that this makes the OHR choice to change

also location-wise. Although the hedging effectiveness is found to be generally poor,

the EEX market is even characterized by quasi-inexistent benefits, due to the approx-

imately zero correlation coefficient between the two portfolio components, compared

to the Nordics.

In conclusion, the recommendation this thesis provides to the market actor is

specific: there is no indisputable strategy which can be entered and never adjusted

over time and space. Taking for granted that risk reduction is the mere ultimate goal

for the investor, diverse hedges must be adopted in dependence with the sub-period

and market area of interest.
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Suggestions for Further Research

In this section, suggestions for further research are provided as an invite for broaden-

ing the stand-alone electricity hedging literature.

Although the thesis has intended to add new perspectives to the existing studies,

taking into account all the concerns on the topic here presented would have gone too

far. Geographically different electricity markets are available, along with different

futures contracts and hedging models. Particularly, the latter point is of particular

interest as risk management literature offers other strategies which could have been

potentially more efficient. The analyses in this thesis have been carried out with

a clear objective: to answer the research questions relying on the most appropriate

theories according to the authors’ perspectives and knowledge. This implies that the

authors’ deductions/assumptions are not necessarily the ones providing the best re-

sults but have been judged to be the most suitable for the analyzed topic.

However, one of the main drawbacks of the proposed assessments is that the hedging

effectiveness measures on which they rely on do not take into account the transac-

tion costs that continuously rebalancing a portfolio would imply. While the chosen

GARCH model foresees a weekly rebalancing, both the developed static models re-

quire transaction costs to occur once a month and once a quarter, according to the

length of the futures contract. Consequently, the choice of a conditional model over

the unconditional may be erratic, since extra costs may offset the benefit presumably

gained by using the dynamic strategy. The inclusion of these expenses would have

required assuming the perspective of a specific investor.

It has been said that electricity as a commodity has some unique characteristics.

In particular, it is a derived commodity, insofar different kinds of technologies can be

used to generate it, ranging from oil to hydropower. Since the market prices turn
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out to be influenced by the underlying fuel mix, further research may be addressed

right towards the leverage of the other commodities on the electricity price. Indeed,

taking into account that futures hedging strategies have proved to be difficult to

apply, it may be interesting to investigate the effectiveness of what is known as cross-

hedging. Indeed, electricity spot price might exhibit a higher correlation with its

primary production fuel, being hydropower and solid fuels for the Nordic and the

German markets, respectively.
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Appendices

Appendix A

NS AIC NS BIC NMF AIC NMF BIC NQF AIC NQF BIC

AR(1) -1808.529 -1814.700 AR(1) -2846.237 -2844.269 AR(1) -3096.420 -3095.065

AR(2) -1812.713 -1820.189 AR(2) -2843.071 -2846.019 AR(2) -3093.133 -3091.346

AR(3) -1822.623 -1828.500 AR(3) -2845.085 -2845.840 AR(3) -3090.795 -3092.015

AR(4) -1833.323 -1831.652 AR(4) -2843.949 -2842.823 AR(4) -3091.479 -3090.004

Nordic AR(5) -1831.001 -1830.027 AR(5) -2840.833 -2838.833 AR(5) -3088.021 -3086.074

AR(6) -1795.874 -1797.826 AR(6) -2833.581 -2827.395 AR(6) -3083.765 -3078.190

AR(7) -1791.620 -1794.877 AR(7) -2821.978 -2820.707 AR(7) -3072.040 -3066.034

AR(8) -1793.093 -1794.751 AR(8) -2815.555 -2812.092 AR(8) -3061.265 -3058.266

AR(9) -1795.356 -1789.466 AR(9) -2805.981 -2800.637 AR(9) -3053.512 -3047.818

AR(10) -1784.596 -1779.403 AR(10) -2794.429 -2788.210 AR(10) -3041.616 -3035.451

ES AIC ES BIC EMF AIC EMF BIC EQF AIC EQF BIC

AR(1) -609.654 -610.254 AR(1) -3477.189 -3476.379 AR(1) -3727.369 -3726.403

AR(2) -608.641 -606.866 AR(2) -3476.547 -3474.747 AR(2) -3724.452 -3724.036

AR(3) -609.396 -608.467 AR(3) -3472.855 -3473.439 AR(3) -3722.404 -3720.776

AR(4) -606.541 -604.569 AR(4) -3478.568 -3476.720 AR(4) -3722.819 -3720.971

EEX AR(5) -602.570 -600.594 AR(5) -3476.042 -3474.846 AR(5) -3719.858 -3718.635

AR(6) -596.957 -593.324 AR(6) -3464.492 -3459.449 AR(6) -3714.671 -3709.474

AR(7) 587.478 -581.471 AR(7) -3455.385 -3449.353 AR(7) -3703.290 -3698.641

AR(8) -579.769 -574.607 AR(8) -3443.228 -3439.580 AR(8) -3692.777 -3686.917

AR(9) -568.449 -562.245 AR(9) -3440.476 -3434.396 AR(9) -3684.727 -3678.646

AR(10) -556.013 -549.807 AR(10) -3429.485 -3424.057 AR(10) -3673.301 -3667.846

Appendix A.1: AIC and BIC values to determine the optimal p orders for the ADF statistic.

Minimum figures in bold.

Nordic EEX

ρ ρ

Sub 1NSMF 2.622511e-17 Sub 1ESMF 7.550812e-17

Sub 2NSMF 1.026743e-19 Sub 2ESMF -2.564686e-17

Sub 3NSMF -5.179496e-18 Sub 3ESMF 1.39263e-17

Sub 1NSQF -1.00979e-18 Sub 1ESQF 4.653888e-17

Sub 2NSQF -2.75669e-17 Sub 2ESQF -4.736268e-18

Sub 3NSQF -2.376948e-17 Sub 3ESQF -1.179526e-17

Full NSMF 1.137586e-17 Full ESMF 8.537534e-18

Full NSQF 4.668558e-18 Full ESQF -8.383767e-18

Appendix A.2: Correlation coefficients between OLS linear regression models’ residuals and

respective independent variables (futures returns).



Appendix A.3: Scatterplots between OLS linear regression models’ residuals and respective

independent variables (futures returns).

Appendix A.4: ACF plots for absolute log returns |rt|.



Appendix A.5: ACF plots for the mean equation(s) a2t .

Conditional Mean

Spot Monthly Futures Quarterly Futures

φ0 -0.000415*** -0.000401 -0.000463

(0.000012) (0.000630) (0.000486)

φ1 0.702211*** - -

(0.106301)

γ1 -0.913821*** - -

(0.071204)

Univariate GARCH

Spot Monthly Futures Quarterly Futures

α0 0.000158** 0.000025** 0.000018***

(0.000043) (0.000009) (0.000004)

α1 0.572278*** 0.197732*** 0.185353**

(0.094488) (0.058721) (0.064636)

β1 0.426722*** 0.676877*** 0.654761***

(0.058590) (0.077155) (0.078139)

DCC GARCH

Spot and Monthly Futures Spot and Quarterly Futures

θ1 0.021038 0.014040

(0.014300) (0.021139)

θ2 0.915263*** 0.954581***

(0.094193) (0.096447)

∗p < 0.1; ∗∗p < 0.05; ∗∗∗p < 0.01.

Appendix A.6: DCC-GARCH estimated parameters (Nordics).



Conditional Mean

Spot Monthly Futures Quarterly Futures

φ0 0.004170 -0.000751** -0.001078**

(0.001216) (0.000322) (0.000183)

φ1 - - 0.131901**

(0.0507)

γ1 -0.1648*** -0.0160 -

(0.0542) (0.0466)

Univariate GARCH

Spot Monthly Futures Quarterly Futures

α0 0.001457*** 0.000007*** 0.000002

(0.000348) (0.000001) (0.000006)

α1 0.999000*** 0.172367*** 0.308319***

(0.105262) (0.038633) (0.070445)

β1 0.000000 0.701631*** 0.658072***

(0.097864) (0.046278) (0.136222)

DCC GARCH

Spot and Monthly Futures Spot and Quarterly Futures

θ1 0.050666 0.043466

(0.045346) (0.034282)

θ2 0.809565*** 0.819701***

(0.055797) (0.084144)

∗p < 0.1; ∗∗p < 0.05; ∗∗∗p < 0.01.

Appendix A.7: DCC-GARCH estimated parameters (EEX).



Appendix B

#Uploading the in−sample Datasets

NM <− read ex c e l ( ”˜/Desktop/MSc Thes i s/My Thes i s/Data/F i l e to Upload in R/Weekly Log

Returns − DayAhead /ORIGINAL DATA /In−sample/NM. x l sx ” )

NQ <− read ex c e l ( ”˜/Desktop/MSc Thes i s/My Thes i s/Data/F i l e to Upload in R/Weekly Log

Returns − DayAhead /ORIGINAL DATA /In−sample/NQ. x l sx ” )

EM <− read ex c e l ( ”˜/Desktop/MSc Thes i s/My Thes i s/Data/F i l e to Upload in R/Weekly Log

Returns − DayAhead /ORIGINAL DATA /In−sample/EM. x l sx ” )

EQ <− read ex c e l ( ”˜/Desktop/MSc Thes i s/My Thes i s/Data/F i l e to Upload in R/Weekly Log

Returns − DayAhead /ORIGINAL DATA /In−sample/EQ. x l sx ” )

#Uploading f u l l −Datasets

FNM <− read ex c e l ( ”˜/Desktop/MSc Thes i s/My Thes i s/Data/F i l e to Upload in R/Weekly Log

Returns − DayAhead /ORIGINAL DATA /Al l Sample/FNM. x l sx ” )

FNQ <− read ex c e l ( ”˜/Desktop/MSc Thes i s/My Thes i s/Data/F i l e to Upload in R/Weekly Log

Returns − DayAhead /ORIGINAL DATA /Al l Sample/FNQ. x l sx ” )

FEM <− read ex c e l ( ”˜/Desktop/MSc Thes i s/My Thes i s/Data/F i l e to Upload in R/Weekly Log

Returns − DayAhead /ORIGINAL DATA /Al l Sample/FEM. x l sx ” )

FEQ <− read ex c e l ( ”˜/Desktop/MSc Thes i s/My Thes i s/Data/F i l e to Upload in R/Weekly Log

Returns − DayAhead /ORIGINAL DATA /Al l Sample/FEQ. x l sx ” )

#ADF Test f o r S t a t i o n a r i t y

#Nordic

adf Nspot <− adf . t e s t (NM$SpotRetNM , a l t e r n a t i v e = ” s t a t i ona ry ” , k=4)

adf NMF <− adf . t e s t (NM$FutRetNM, a l t e r n a t i v e = ” s t a t i ona ry ” , k=2)

adf NQF <− adf . t e s t (NQ$FutRetNQ , a l t e r n a t i v e = ” s t a t i ona ry ” , k=1)

#EEX

adf Espot <− adf . t e s t (EM$SpotRetEM , a l t e r n a t i v e = ” s t a t i ona ry ” , k=1)

adf EMF <− adf . t e s t (EM$FutRetEM , a l t e r n a t i v e = ” s t a t i ona ry ” , k=4)

adf EQF <− adf . t e s t (EQ$FutRetEQ , a l t e r n a t i v e = ” s t a t i ona ry ” , k=1)

#OLS

#Creat ing l i n e a r r e g r e s s i o n s

#Nordic

lm Sub1NSMF <− lm(Sub1NS ˜ Sub1NMF, data = NM)

lm Sub2NSMF <− lm(Sub2NS ˜ Sub2NMF, data = NM)

lm Sub3NSMF <− lm(Sub3NS ˜ Sub3NMF, data = NM)

lm Sub1NSQF <− lm(Sub1NS ˜ Sub1NQF, data = NQ)

lm Sub2NSQF <− lm(Sub2NS ˜ Sub2NQF, data = NQ)

lm Sub3NSQF <− lm(Sub3NS ˜ Sub3NQF, data = NQ)



lm NSMF <− lm(NM$SpotRetNM ˜ NM$FutRetNM, data = NM)

lm NSQF <− lm(NQ$SpotRetNQ ˜ NQ$FutRetNQ , data = NQ)

#EEX

lm Sub1ESMF <− lm(Sub1ES ˜ Sub1EMF, data = EM)

lm Sub2ESMF <− lm(Sub2ES ˜ Sub2EMF, data = EM)

lm Sub3ESMF <− lm(Sub3ES ˜ Sub3EMF, data = EM)

lm Sub1ESQF <− lm(Sub1ES ˜ Sub1EQF , data = EQ)

lm Sub2ESQF <− lm(Sub2ES ˜ Sub2EQF , data = EQ)

lm Sub3ESQF <− lm(Sub3ES ˜ Sub3EQF , data = EQ)

lm ESMF <− lm(EM$SpotRetEM ˜ EM$FutRetEM , data = EM)

lm ESQF <− lm(EQ$SpotRetEQ ˜ EQ$FutRetEQ , data = EQ)

The following R codes have been run from the ”rugarch” and ”rmgarch” packages

(Ghalanos, 2019; Ghalanos, 2020).

#UNIVARIATE GARCH model

#GARCH model s p e c i f i c a t i o n

#Nordic Spot

gModelNS11 <− ugarchspec ( var i ance .model = l i s t ( garchOrder=c ( 1 , 1 ) ) ,

mean .model = l i s t ( armaOrder = c ( 1 , 1 ) ) )

ugModelNS11 <− uga r ch f i t ( spec = gModelNS11 , data = NM$SpotRetNM)

#Nordic MonthlyFutures

gModelNMF11 <− ugarchspec ( var i ance .model = l i s t ( garchOrder=c ( 1 , 1 ) ) ,

mean .model = l i s t ( armaOrder = c ( 0 , 0 ) ) )

ugModelNMF11 <− uga r ch f i t ( spec = gModelNMF11 , data = NM$FutRetNM)

#Nordic Quarter lyFutures

gModelNQF11 <− ugarchspec ( var i ance .model = l i s t ( garchOrder=c ( 1 , 1 ) ) ,

mean .model = l i s t ( armaOrder = c ( 0 , 0 ) ) )

ugModelNQF11 <− uga r ch f i t ( spec = gModelNQF11 , data = NQ$FutRetNQ)

#EEX Spot

gModelES11 <− ugarchspec ( var i ance .model = l i s t ( garchOrder=c ( 1 , 1 ) ) ,

mean .model = l i s t ( armaOrder = c ( 0 , 1 ) ) )

ugModelES11 <− uga r ch f i t ( spec = gModelES11 , data = EM$SpotRetEM)

#EEX MonthlyFutures

gModelEMF11 <− ugarchspec ( var i ance .model = l i s t ( garchOrder=c ( 1 , 1 ) ) ,

mean .model = l i s t ( armaOrder = c ( 0 , 1 ) ) )

ugModelEMF11 <− uga r ch f i t ( spec = gModelEMF11 , data = EM$FutRetEM)

#EEX Quarter lyFutures

gModelEQF11 <− ugarchspec ( var i ance .model = l i s t ( garchOrder=c ( 1 , 1 ) ) ,

mean .model = l i s t ( armaOrder = c ( 1 , 0 ) ) )

ugModelEQF11 <− uga r ch f i t ( spec = gModelEQF11 , data = EQ$FutRetEQ)



#DCC−GARCH Model

#Model s p e c i f i c a t i o n

#Nordic SpotMonthlyFutures

NSMF. frame <− data . frame (NM$SpotRetNM , NM$FutRetNM)

NSspec <− ugarchspec (mean .model = l i s t ( armaOrder = c ( 1 , 1 ) ) )

NMFspec <− ugarchspec (mean .model = l i s t ( armaOrder = c ( 0 , 0 ) ) )

NSMFspec <− mult i spec (c (NSspec , NMFspec) )

NSMFmgfit <− mu l t i f i t (NSMFspec , data = NSMF. frame )

dccNSMFspec <− dccspec ( uspec = NSMFspec , dccOrder = c ( 1 , 1 ) , d i s t r i b u t i o n = ”mvnorm” )

dccNSMFfit <− d c c f i t (dccNSMFspec , data = NSMF. frame ,

f i t . control = l i s t ( eval . se = TRUE) , f i t = NSMFmgfit )

#Nordic SpotQuarter lyFutures

NSQF. frame <− data . frame (NQ$SpotRetNQ , NQ$FutRetNQ)

NSspec <− ugarchspec (mean .model = l i s t ( armaOrder = c ( 1 , 1 ) ) )

NQFspec <− ugarchspec (mean .model = l i s t ( armaOrder = c ( 0 , 0 ) ) )

NSQFspec <− mult i spec (c (NSspec , NQFspec) )

NSQFmgfit <− mu l t i f i t (NSQFspec , data = NSQF. frame )

dccNSQFspec <− dccspec ( uspec = NSQFspec , dccOrder = c ( 1 , 1 ) , d i s t r i b u t i o n = ”mvnorm” )

dccNSQFfit <− d c c f i t ( dccNSQFspec , data = NSQF. frame ,

f i t . control = l i s t ( eval . se = TRUE) , f i t = NSQFmgfit )

#EEX SpotMonthlyFutures

ESMF. frame <− data . frame (EM$SpotRetEM , EM$FutRetEM)

ESspec <− ugarchspec (mean .model = l i s t ( armaOrder = c ( 0 , 1 ) ) )

EMFspec <− ugarchspec (mean .model = l i s t ( armaOrder = c ( 0 , 1 ) ) )

ESMFspec <− mult i spec (c ( ESspec , EMFspec) )

ESMFmgfit <− mu l t i f i t (ESMFspec , data = ESMF. frame )

dccESMFspec <− dccspec ( uspec = ESMFspec , dccOrder = c ( 1 , 1 ) , d i s t r i b u t i o n = ”mvnorm” )

dccESMFfit <− d c c f i t ( dccESMFspec , data = ESMF. frame ,

f i t . control = l i s t ( eval . se = TRUE) , f i t = ESMFmgfit )

#EEX SpotQuarter lyFutures

ESQF. frame <− data . frame (EQ$SpotRetEQ , EQ$FutRetEQ)

ESspec <− ugarchspec (mean .model = l i s t ( armaOrder = c ( 0 , 1 ) ) )

EQFspec <− ugarchspec (mean .model = l i s t ( armaOrder = c ( 1 , 0 ) ) )

ESQFspec <− mult i spec (c ( ESspec , EQFspec ) )

ESQFmgfit <− mu l t i f i t (ESQFspec , data = ESQF. frame )

dccESQFspec <− dccspec ( uspec = ESQFspec , dccOrder = c ( 1 , 1 ) , d i s t r i b u t i o n = ”mvnorm” )

dccESQFfit <− d c c f i t ( dccESQFspec , data = ESQF. frame ,

f i t . control = l i s t ( eval . se = TRUE) , f i t = ESQFmgfit )



#One−step−ahead f o r e c a s t i n g with r o l l i n g window − DCC−GARCH
#Sub−Period 4

#NordicSpot MonthlyFutures

NSMF. frame <− data . frame (FNM$SpotRetFNM , FNM$FutRetFNM)

dcc rforeNSMF <− d c c r o l l ( dccNSMFspec , data = NSMF. frame , n . ahead = 1 ,

f o r e c a s t . length = 127 , r e f i t . every = 1 , r e f i t .window = ”moving” ,

f i t . control = l i s t ( eval . se = TRUE) )

#NordicSpot Quarter lyFutures

NSQF. frame <− data . frame (FNQ$SpotRetFNQ , FNQ$FutRetFNQ)

dcc rforeNSQF <− d c c r o l l ( dccNSQFspec , data = NSQF. frame , n . ahead = 1 ,

f o r e c a s t . length = 127 , r e f i t . every = 1 , r e f i t .window = ”moving” ,

f i t . control = l i s t ( eval . se = TRUE) )

#EEXSpot MonthlyFutures

ESMF. frame <− data . frame (FEM$SpotRetFEM , FEM$FutRetFEM)

dcc rforeESMF <− d c c r o l l ( dccESMFspec , data = ESMF. frame , n . ahead = 1 ,

f o r e c a s t . length = 128 , r e f i t . every = 1 , r e f i t .window = ”moving” ,

f i t . control = l i s t ( eval . se = TRUE) )

#EEXSpot Quarter lyFutures

ESQF. frame <− data . frame (FEQ$SpotRetFEQ , FEQ$FutRetFEQ)

dcc rforeESQF <− d c c r o l l ( dccESQFspec , data = ESQF. frame , n . ahead = 1 ,

f o r e c a s t . length = 128 , r e f i t . every = 1 , r e f i t .window = ”moving” ,

f i t . control = l i s t ( eval . se = TRUE) )
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