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Abstract

Within forecasting electricity pricing, we analyse whether adding various vari-

ables improves the predictions, and if shorter time intervals between observa-

tions enhance accuracy of the forecasting. Next, we focus on proper selection of

lagged observations, which has not been thoroughly covered in the past litera-

ture. In addition, many papers studied electricity prices in larger markets (e.g.

United States, Australia, Nord Pool, etc.) on datasets limited in scope, with

2-3 years timespan. To address these gaps in literature, we obtain one daily

and one hourly dataset, both spanning 6 years (January 1, 2015 – December 31,

2020), from four Central and Eastern European countries – the Czech Repub-

lic, the Slovak Republic, Hungary, and Romania. These contain information

on the electricity prices, and information on our observed added variables –

temperature and cross-border electricity flows. For the forecasting, we use two

different methods – Autoregression (AR) and Seemingly Unrelated Regression

(SUR). The thorough selection of lagged observations, which we accustom to

the closing time of the auction-based electricity market system, serves further

studies as a guidance on how to avoid possible errors and inconsistencies in

their predictions. In our analyses, both AR and SUR models show that hourly

data offer more precise results and that the temperature, in general, improves

the forecast accuracy more than the cross-border flows.
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Abstrakt

V rámci předpov́ıdáńı cen elektřiny analyzujeme, zda přidáńı r̊uzných proměn-

ných zlepšuje předpovědi, a zda kratš́ı časové intervaly mezi pozorováńımi

zlepšuj́ı přesnost předpověd́ı. Dále se zaměřujeme na správný výběr zpožděných

pozorováńı, který doposud nebyl v literatuře d̊ukladně popsán. Mnoho článk̊u

nav́ıc studovalo ceny elektřiny pouze na větš́ıch trźıch (např. USA, Austrálie,

Nord Pool atd.), a to na datech s omezeným rozsahem a s časovým rozpět́ım

pouze 2–3 roky. Abychom odstranili tyto mezery v literatuře, sestavujeme je-

den denńı a jeden hodinový datový soubor, oba pokrývaj́ıćı šestileté obdob́ı (1.

ledna 2015 – 31. prosince 2020), ze čtyř zemı́ středńı a východńı Evropy – České

republiky, Slovenské republiky, Maďarska a Rumunska. Ty obsahuj́ı informace

o cenách elektřiny a o našich sledovaných přidaných proměnných – teplotě a

přeshraničńıch toćıch elektřiny. Pro předpov́ıdáńı použ́ıváme dvě r̊uzné metody

– Autoregrese (AR) a Zdánlivě Nesouvisej́ıćı Regrese (SUR). Důkladný výběr

zpožděných pozorováńı, které přizp̊usobujeme době uzavřeńı aukčńıho obchodu

s elektřinou, slouž́ı daľśım studíım jako návod, jak se vyhnout možným chybám

a nekonzistenci v jejich předpověd́ıch. V našich analýzách modely AR i SUR

ukazuj́ı, že hodinové údaje nab́ızej́ı přesněǰśı výsledky a že teplota obecně

zlepšuje přesnost předpovědi v́ıce než přeshraničńı toky.

Klasifikace JEL C51, C53, Q41, Q47
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Motivation Electricity markets gradually become one of the most complex in the

economy, which is caused by a combination of factors unique for this sector. Ac-

cording to Kaminski (2012), electricity is economically not possible to store, and

the system of power stability requires a constant balance between production and

consumption. Moreover, electricity production is firmly dependent on nature (i.e.

temperature, wind speed) and on the intensity of business and everyday activities

(i.e. on-peak and off-peak hours, weekdays and weekends, holidays). In other words,

there will be a significant difference in prices of electricity during weekdays (when

people are at work or at school) and during weekends (when most people spend more

time at home). The same situation is with on-peak and off-peak hours. It then can

result in some short-term unexpected price spikes (Weron, 2014).

The unique and specific characteristics lead to an increase of the development of

better forecasting techniques. Electricity price forecasting has increasingly become

a main input to decision making mechanisms of energy companies (Weron et al.,

2006). A variety of different methods and models utilised for forecasting electricity

prices is described, explained, and compared in many papers and studies. However,

there is a lack of papers with a comparison of models based on data basis and, also,

focusing on smaller markets. This paper aims to offer a solution for these missing

analyses by studying electricity pricing using both daily and hourly data on markets

from Eastern and Central Europe.

Hypotheses The aim of this thesis is to predict electricity prices in day-ahead

markets of Central and Eastern Europe (i.e. the Czech Republic, the Slovak Republic,

Hungary and Romania) based on hourly and daily data and compare the forecasts

by adding various variables.
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The following three main hypotheses will be considered:

• Hypothesis #1: Electricity price forecasting on hourly basis is more accurate

than forecasting with daily data.

• Hypothesis #2: Exogenous factors such as temperature significantly enhance

forecast accuracy.

• Hypothesis #3: Increasing cross-border flows enhance the uncertainty of fore-

cast.

Methodology In this thesis, data on electricity prices and cross-border electricity

flows from the Czech Electricity and Gas Market Operator (OTE, a.s.) will be used.

We will work with electricity prices and flows for the Czech Republic, the Slovak

Republic, Hungary and Romania, i.e. Central and Eastern Europe. The data are

available on hourly and daily basis and both will be utilised. Furthermore, we will use

weather data for forecasting electricity prices obtained from the website of Weather

Underground.

For statistical modelling, electricity prices have no problem with unit root, but

they do not always follow a stationary process (Kristoufek & Lunackova, 2013).

However, for the electricity prices, it is especially important not to follow the unit

root process, thus we can use the data without necessary differencing. Firstly, we

study day-ahead electricity prices in our four observed countries separately using

Autoregressive (AR) models. Then, as the disturbances in the observed countries

can be correlated with each other due to shocks into the prices, we use also Seemingly

Unrelated Regressions (SUR) for our modelling, similarly to Huisman et al. (2007).

We can also try to add average price of all countries into a model instead of individual

variables of prices from each country. In this case, we can use simple Autoregressive

model AR(X).

Using Diebold-Mariano (DM) test, we compare accuracy of two competing fore-

casts and discuss the difference between predicting on hourly and daily basis. More-

over, we focus on whether the precise forecasts on the out-of-sample data change if

weather data are used. Another comparison concentrates on differences in forecast-

ing electricity prices when cross-border electricity flows are involved. In addition, the

thesis also compares the forecast accuracy of different methods and tries to find out

which model is better. However, this comparing of models using Diebold-Mariano

test is criticised by Diebold (2015), thus it is presented for illustrative purposes only.

Expected Contribution Electricity price forecasting has increasingly become a

main process for decision making mechanisms of energy companies. There are many

papers and studies dealing with a comparison of different models, discussing their
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strengths and weaknesses, and deciding which model is the most suitable for fore-

casting electricity market (Weron, 2014; Uniejewski et al., 2016).

Due to the enormous interest in the comparison models, we rather focus on data

which we use and investigate their accuracy in forecasting. Unlike the majority of

studies related to this topic, we do not utilise only one dataset, but we use two types

of data – daily and hourly. Also, the electricity prices analysed come from several

countries of Central and Eastern Europe, in comparison with other papers, which

usually concentrate on larger markets, such as the United States, Australia, Nord

Pool, etc.

The electricity prices differ during different seasons as the temperature changes.

Thus, we use weather data and create relative temperature deviation from long-term

average for examining its effect on determining and forecasting electricity prices.

Another unique variable, which makes this thesis stand out, is the average net cross-

border energy flows between the countries. We might provide a basis for future

researchers studying the topic to follow a similar path, as the functioning of day-

ahead electricity markets is very complex and needs to be studied well to be properly

understood. Also, correct choice of lags is essential for modelling electricity prices.

Thus, we intend to create a thorough analysis of the selection of lagged observations

with regard to the day-ahead market’s structure.

In addition, if the forecasting of electricity prices is successful, it may bring

opportunities for traders to better react to sudden changes in external variables,

namely temperature. Furthermore, it may decrease the risk undertaken by both

traders and electricity producers. Apart from the private sector in the electricity

market, our findings could be useful not only for the Czech government but also for

governments of the Slovak Republic, Hungary, and Romania.

Outline

1. Introduction: Introduction to the topic and brief description of all necessary

information for understanding the whole analysis.

2. Theoretical Background: Descriptions of European electricity markets – devel-

opment, structure, participants, and peculiarities - with main focus on day-

ahead markets in Central and Eastern Europe.

3. Literature Review: Description of papers and studies dealing with electricity,

electricity markets, modelling and forecasting electricity pricing, and utilising

similar estimation techniques and methods.

4. Data: Description of the data, which we used for our estimations.
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5. Methodology: Explanation and description of all necessary tests and methods

used.

6. Empirical Results: Presentation and discussion of our outcomes based on the

estimated models explained in the chapter Methodology.

7. Conclusion: Summary of our findings and discussion of results’ implication for

policy and future research.
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Chapter 1

Introduction

Electricity is a very specific and complex commodity, as it has unique features

compared to other goods – it is a non-storable good and as such, there must

be balance between its production and consumption. The consumption then

closely relates to people’s daily behaviour and the patterns of their everyday

lives, which is reflected in the daily and weekly consumption habits (Simonsen,

2003). In the long-run, the consumption is influenced by seasonal changes

in human customs – in winter, northern countries consume more energy on

heating, while southern countries consume more energy in summer, when the

air-conditioning is used on a more regular basis (Zachmann, 2008).

As the electricity cannot be stored, the producers of electricity, which are

able to predict the wholesale price with the most accuracy, gain a significant

advantage on the market. When the forecasted prices are close to the reality,

the electricity generator can maximize its profits by altering its production and

consumption, as well as its bidding strategy in the electricity spot markets,

which work on a day-ahead auction basis. In his work, Weron (2014) reviewed

several electricity price forecasting methods and presented their advantages

and drawbacks. Based on this thorough analysis, our own data sources, and on

the way the day-ahead market works, we use the Autoregressive (AR) models.

Furthermore, we also apply Seemingly Unrelated Regressions (SUR) method.

The reason is that shocks/information flowing into the system can affect mul-

tiple markets simultaneously. Therefore, these shocks are common or at least

correlated for the countries, which can be covered by the SUR method.

The majority of papers focuses on larger electricity markets, such as United

States, Australia, or Nord Pool. We aim at filling some of these gaps by fore-

casting prices on smaller electricity markets – Central and Eastern Europe
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(CEE), namely the Czech Republic, the Slovak Republic, Hungary, and Ro-

mania. These four markets (4M) are interesting not only due to the lack of

coverage by other scholars, but also due to Market Coupling (MC) – a system

which creates a deeper integration of different energy markets and harmonises

their exchange systems of electricity. This system began to form in 2009 be-

tween the Czech Republic and the Slovak Republic, and over the course of five

years expanded by the other two countries (OTE, a.s., 2014b).

Our data begin on January 1, 2015, as that is the first whole year when

all four countries are part of the 4M Market Coupling (4M MC), and end

on December 31, 2020. Due to the 4M MC, cross-border flows of electricity

between these countries are on an advanced level. Therefore, we are able to

obtain suitable data for the necessary statistical tests and our estimations.

The data on electricity prices are collected from the Czech Electricity and Gas

Market Operator (OTE, a.s.).

In this thesis, we study forecast accuracy of two different models when two

distinct explanatory variables are added to them - Relative Temperature De-

viation (RTD) and Net Cross-Border Flow (CBF) of electricity. We get the

information on cross-border electricity flows from OTE, a.s., and the weather

data are obtained from the weather service Weather Underground. In addition,

we offer forecasts of electricity prices on markets which are not the most com-

monly observed. For this purpose, we choose the 4M MC, which is formed by

day-ahead markets of the countries from CEE. With our estimations, we show

that it is possible to focus also on smaller markets and, thus, we offer a basis

for further studies.

To our best knowledge, other papers concentrate mainly on electricity prices

and their forecasting, but scarcely do they focus on the proper selection of

lagged observations. Several papers use Vector Autoregressive (VAR) method

in their estimation, however, the lags in the VAR models cannot be precisely

specified, i.e. lag lengths cannot differ across data. We, thus, use the SUR

method, as it allows for more specificity of the lags. For daily data, we use two

lagged variables. The first is the average, gathered from the hourly data, of

observed values between 1 a.m. and 10 a.m. on the previous day (t− 1). The

second is the daily average of the day before (t−2). For hourly data, we also use

two lagged variables. From 1 a.m. to 10 a.m. the first lag uses corresponding

hourly data from the previous day (t− 1), while for 11 a.m. until 12 midnight

it takes values from t − 2. The second lag is the same as in daily data, the
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average of the whole day at t − 2. We use 11 a.m. as the break point, since

it is the time when the gate of the auction-based day-ahead electricity market

closes. We offer basis on which further scholars can set up their lag selection

and, subsequently, prevent errors and inconsistencies in their estimations.

The results for both AR and SUR models show that the predictive power

of hourly data is more accurate than forecasting on daily basis. We mainly

observe the effect of two added variables - Relative Temperature Deviation

(RTD) and Net Cross-Border Flow (CBF) of electricity. While RTD proves

to be significant for both AR and SUR models, the Net CBF shows more

significant results only for observations from the Czech Republic for both types

of the models. This effect is slightly more observable in the SUR models, where

the lagged electricity prices of other observed countries are included. As the

Czech Republic is, out of the four, the most electricity exporting country, the

Net CBF appears more significant (Dudley et al., 2019; USEIT, 2019).

The thesis is structured as follows. Chapter 2 introduces the general back-

ground needed to properly understand the questions we ask and the conclu-

sions we draw from the results. We discuss how different European electricity

markets work, what is their structure, and how they developed over time. In

addition, we concentrate on day-ahead electricity markets and show how the

bids for electricity are carried out. As the observed countries are part of the

market coupling, we describe this system, which is key to properly understand

the later discussed model specifications and methodology. In Chapter 3, we

cover the literature, which influenced both this thesis and the work of our fel-

low peers when the electricity prices and their forecasts are observed. Chapter

4 describes how we found the data that are required in order to estimate the re-

gressions, which are discussed in the following Chapter 5, Methodology. There,

we also cover the methods we used to forecast the electricity prices and to

determine which added explanatory variable improve the predictive accuracy

the most. We also introduce tests that are needed to be performed prior to

estimations and focus on assumptions that must be satisfied in order to have

proper regressions. The results from these tests and regressions are covered in

Chapter 6, where we interpret them and also decide which forecast and also

which added variable is the most accurate in forecasting electricity pricing. In

Chapter 7, we briefly conclude our findings and offer a quick overview of what

we found, and, additionally, provide potential improvements that might be the

focus points for future scholars.



Chapter 2

Theoretical Background

In this chapter, we describe European electricity markets in general with main

focus on day-ahead markets that this thesis deals with. We cover the mar-

kets’ development, structure, participants, and peculiarities. Next, we discuss

the interconnection of our observed markets (i.e. the Czech Republic, the

Slovak Republic, Hungary, and Romania) via market coupling. Further, as

understanding the electricity market system is important for modelling and,

subsequently, for forecasting electricity prices, it is necessary to concentrate on

each market separately in order to avoid an erroneous analysis. Therefore, we

also provide an overview of electricity markets for all the previously mentioned

countries.

2.1 European Electricity Markets

European electricity markets are part of grid industries. Electricity grid is an

interconnected network for transmission of electricity from producers to con-

sumers. It connects electricity generators and consumers through the transmis-

sion and distribution networks. The flow of electricity consists of generation

units, delivery grid, distribution, and consumption units, where all the parts

interact with each other. The grid industries are characterised by large initial

costs, e.g. transmission system, nuclear power plant, or water dam. Due to the

demanding investments, materials, and demands on the surroundings (public

spaces), the transmission of electricity is a natural monopoly. Before liberali-

sation of electricity markets, even the entire chain of production, transmission,

and distribution of electricity to consumers was considered as a monopoly,

specifically a vertical monopoly. This created regional and state monopolies
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across Europe. In their later interconnection, which aimed mainly at auxiliary

supplies and greater efficiency (economies of scale), the principle was that the

exchange of electricity took place between two monopolies or systems, not sup-

ply from one system directly to a customer in another system (Flášar et al.,

2016).

The beginning of the liberalisation of European electricity markets dates

back to 1990, when the European Council Directive No. 90/547 concerning

the transmission of electricity through transmission grids and the minimum

standards for the organization of international exchanges was issued. In the

same year, the regulation of the procedures for transparent pricing of electricity

and gas for final industrial customers was issued in European Council Directive

No. 90/377. The aim of these directives was to gradually unify the rules and

increase the competitiveness of European industry through pressure on energy

prices. The competition caused increasing efficiency and subsequent reduction

of prices for customers. The decision on the liberalisation of the electricity

market in 1996 was codified by Directive 1996/92/EC. After restructuring of

the entire energy industry and its division into smaller individual parts, the

collapse of the vertical monopoly arose. As a result, one entity could no longer

participate in production, transmission, distribution, and consumption at once.

Hence, different companies are responsible for generating electricity, as well as

for operating the transmission system and the distribution system. Production,

delivery, and retail (or customer) were completely deregulated, but transmission

and distribution are still regulated by local states due to the natural monopoly

of transmission systems (Flášar et al., 2016; Hyland, 2016).

Figure 2.1 shows a schematic overview of European electricity system. As

can be seen, the electricity system consists of electricity generator, transmission

system operator, distribution system operator, and electricity consumer (and

prosumer) that are connected through transformers. Power plants with large

installed capacity are considered as electricity generator. The Transmission

System Operator (TSO) connects the electricity generator with the distribu-

tion grids. Since it transmits electricity over long distances, in which a loss

may occur due to the electrical resistance of the network, electricity needs to

be transported in high voltages. On the contrary, the distribution system op-

erator with a local character transports electricity to electricity consumer in

low voltages. There is also a possibility to connect the TSO directly with the

consumer, but only if the electricity consumer has a high offtake.
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Figure 2.1: Schematic Overview of Electricity System

Source: European Parliamentary Research Service (2019)

In electricity generation, generators are dispatched in a merit (ascending)

order, i.e. ranging from the lowest to the highest price. According to Flášar

et al. (2016), merit order is applied in the process of price creation in spot

markets, as it guarantees efficient electricity delivery. In addition, the appli-

cation of this type of ranking leads to merit order effect, whereby European

wholesale prices fall. It is caused by no fuel costs of variable generators (wind,

solar, hydro). Thus, they can offer lower prices that set price levels for other

generators. Luňáčková et al. (2017) showed that the merit order effect exists

for renewable sources, primarily wind and water, but excluding solar. It follows

that the Czech renewable policy might be considered as suboptimal, since it

prefers solar to other renewable sources.

The electricity market is characterized by certain peculiarities, which mainly

concern the electricity itself. The speed of propagation and practically zero

transport delay is an essential feature of electricity, which distinguishes it from

other bulk commodities. The zero-transport delay means that the electricity

must be produced at the moment when it is consumed. This can lead to several

complications. First, at any given time, as much electricity must be produced

as it is consumed, otherwise the electricity in the network would be missing or

remaining. This would result in a sharp deterioration in electricity quality and

frequency, and then in the collapse of the system. The second consequence is

the fact that any failures spread extremely quickly, so that a failure of power or

consumption in one place immediately means a shortage or surplus of electric-

ity and deterioration of parameters for everyone and everywhere in the entire

network. It follows that everyone draws basically the same supply and the

same quality of electricity. These specifics and peculiarities require a complex

http://www.easyres-project.eu/wp-content/uploads/2019/02/understanding-elecricity-markets-in-the-eu.pdf
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dispatch control mechanism that always ensures a balance between production

and consumption (Flášar et al., 2016).

European electricity markets operate on different levels and can vary in geo-

graphical scope or in character of offers from local to transnational. Thus, retail

markets, which carter to consumers, are organised differently than wholesale

markets. In the retail markets, the main participants are suppliers and con-

sumers. Suppliers buy electricity from generators and then offer it and sell it

to consumers via contracts approved by a capable regulator. The offers are

differentiated according to price or origin of the electricity. Based on the given

offers, consumers have the right to choose a suitable supplier for themselves.

Industrial consumers have generally lower electricity prices than households,

since due to intensive electricity consumption they benefit from competitive

prices, and therefore often do not have to pay charges and levies. In the whole-

sale markets, the participants are generators, suppliers, and large industrial

consumers. These markets range from long-term contracts to real-time balanc-

ing markets based on the time scale. Figure 2.2 depicts the types of electricity

markets that are parts of the wholesale market regarding the time of electricity

delivery.

Figure 2.2: Overview of Types of Electricity Markets with Respect to Time Scale

Source: Beus et al. (2018)

Forward and future markets are used for long-term contracts, i.e. weeks

to years in advance to the delivery. Hence, in the long term, these markets

work more as financial securities for electricity prices. The day-ahead electric-

ity market is a supply market that is organised on the day before the delivery

by a market operator in cooperation with an organiser of this market in the
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surrounding market area. It is designed as an auction on the basis of received

offers and demands for electricity for 24 trading hours the following day. The

result of the auction is always the final price and the amount of energy traded.

The more detailed descriptions of the day-ahead market together with market

coupling of the examined countries (i.e. the Czech Republic, the Slovak Re-

public, Hungary, and Romania) are discussed in the individual sections within

this subchapter. In the intra-day market, the electricity delivery is within a

specified time period. The intra-day market allows to adjust trading position

of market participants at the moment very close to the delivery time. There-

fore, participants who have an unplanned shortage or surplus of energy can

strengthen their position. The intra-day market opens after the day-ahead

market is closed and trades take place in the form of ongoing trading. The

balancing market opens thirty minutes before delivery. It is organised by a

market operator. The only participant in the balancing market is the TSO.

The aim of the balancing market is to maintain a balance between generation

and consumption in real time.

Electricity can be traded through bilateral trade or energy exchange. The

bilateral trade is referred as the Over-The-Counter (OTC) market, where two

parties privately close a deal. It is the most common way of trading for small

and medium-sized companies. On the OTC market, the main products are

peak load, off peak, base load, high tariff, and low tariff. The first three prod-

ucts are commonly recognized throughout Europe and the last two products

are specific only to Eastern European markets. The main advantage of this

trading is that companies pay no fees and obtain immediate money or transfer

of allowances. Another option for trading is the energy exchange. It allows

access for more buyers and sellers and offers price transparency. Hence, prices

vary with supply and demand. With more buyers and sellers, trading through

the energy exchange is, unlike on the OTC market, completely anonymous.

Products traded on the OTC market are allowed also on the exchange mar-

ket. In addition to the access to various products, other advantages of the

energy exchange are a quick response to market movements or minimum capi-

tal requirements necessary for realisation of many transactions. Contrary, the

disadvantages might be trading fees, membership fees, or a slow provision of

money or allowances (Flášar et al., 2016).

There are three most important energy exchange platforms in Europe: ICE

Energy Exchange (ICE ENDEX), European Energy Exchange (EEX), and
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Nord Pool. The ICE ENDEX operates energy markets for the Benelux region.

It is the leading energy exchange in continental Europe that handles liquid

European gas and power markets. The EEX is a central European energy ex-

change located in Germany. It operates and connects liquid and transparent

markets for energy and commodity products in Germany, France, Austria, and

Switzerland. The Nord Pool operates power markets for day-ahead and intra-

day trading mainly in Nordic and Baltic countries. It also runs serviced power

markets in Croatia and Bulgaria.

Day-Ahead Electricity Markets

Day-ahead electricity markets, unlike most other financial markets, are auction

based and do not allow for continuous trading. Therefore, electricity operators

require a notice in advance to verify feasibility of the schedule within transmis-

sion constraints. In day-ahead markets, bids and offers for electricity delivery

are submitted by agents during each established period of the day, where the

submission must be done before a pre-determined market closing time on the

previous day. Figure 2.3 illustrates the described process of the day-ahead auc-

tion market. For electricity price forecasting and modelling, it is important to

notice that determinations of the next-day prices for all contracts are set at the

same point of time using uniform available information (Huisman et al., 2007;

Peña, 2012).

Figure 2.3: System of a Day-Ahead Auction Market

Source: Weron (2014)
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As mentioned above, the day-ahead market trades with products that have

physical delivery on the following trading day. On this market, standard elec-

tricity deliveries are based on hours, peak load, and base load. The hourly is,

naturally, an electricity delivery for specific hour for the next day. Peak load is

a delivery of constant power between 8 a.m. and 8 p.m. for the following day.

Base load is a delivery of constant power for the next day. Based on orders of

these products, the spot prices for the following day are determined by energy

exchange. The auction mechanism consists of three steps. The first step is a

decomposition of products into individual hours of the day. The second step

consists of calculating the price curves for each hour, which ensures that all

required volumes are covered. The third step is that the auction hall checks

the possibility of fulfilling all submitted orders. If an order cannot be fulfilled,

then it is discarded, and prices are calculated again until equilibrium is reached.

Furthermore, cross-border flows are offered on highly liquid spot markets. The

price of cross-border transmission is then determined by a deal in which traders

sell physically present electricity on a foreign day-ahead market and buy it on

the domestic market (OTE, a.s., 2019).

Figure 2.4 depicts an illustration of two-sided and one-sided auctions. In

the two-sided auction (power exchange), which is, for example, represented by

the Scandinavian Nord Pool, market clearing price of electricity is determined

when the supply curve (aggregated supply bids) intersects the demand curve

(aggregated demand bids). In one-sided auction (power pool), demand is es-

timated by the system operator. Typical examples of this one-sided auction

market are Spain or Australia.

Figure 2.4: Illustration of Two-Sided and One-Sided Auctions

Source: Weron (2014)
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Another difference from most other financial markets is that bids with nega-

tive prices are allowed, which is due to very low demand or very high production

from renewable sources (Fanone et al., 2013). Commonly, uniform-price auc-

tion market is characterised by buyers and suppliers paying the same market

clearing price (MCP). The price is the same even if buyers have bids higher,

or suppliers’ offers are lower than the MCP. For small and medium-sized mar-

kets (e.g. Scandinavian Nord Pool, Power Exchange Central Europe, European

Energy Exchange in Germany), the MCP is established as the only price for

the entire system. In larger markets (e.g. Pennsylvania-New Jersey-Maryland

Interconnection in the US), locational marginal prices, which differ from each

other and from the system price, are calculated. The different prices occur

when there is congestion, i.e. demand for cross-border trading exceeds in-

terconnection capacity, and electricity cannot flow from lower to higher-price

areas.

Market Coupling

Market Coupling (MC) creates an interconnected European electricity market.

The purpose of the market coupling is to ensure a deeper integration of regional

energy markets and to harmonise the various electricity exchange systems. The

aim of the process is then, based on the available cross-border capacity, to

maximize the flow of energy from the area with low electricity prices to the

high-price area, i.e. to reduce price differences. This will not only increase the

security of supply, but also reduce the price volatility in the relevant energy

markets and increase the efficiency of electricity sales and purchases (OTE,

a.s., 2014a).

There are three basic market coupling systems: Price Coupling of Regions

(PCR), Flow-Based Market Coupling (FBMC), and Cross-Border Intraday

Coupling (XBID), where all of them exist on both day-ahead and intra-day

markets. This applies to electricity markets within Europe and also outside

Europe. However, in this thesis, we observe only European countries, thus we

focus on the European market.

The first market coupling was in 2009 the CZ-SK day-ahead market, which

was organised by the Czech Electricity and Gas Market Operator OTE (Operátor

Trhu s Elektřinou, a.s.) and the Slovak Short-Term Electricity Market Operator

OKTE (Organizátor Krátkodobého Trhu s Elektrinou, a.s.). Hungary joined
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the CZ-SK market coupling on September 11, 2012. Subsequently, Romania

also expressed interest in joining the CZ-SK-HU. The extension of the CZ-SK-

HU market coupling to the Romanian electricity market for day-ahead trading,

the so-called 4M Market Coupling (4M MC), was successfully implemented on

November 19, 2014. The Czech, Slovak, Hungarian, and Romanian national

regulatory authorities, transmission system operators and power exchange op-

erators carried out the extension on the basis of the Price Coupling of Regions

solution (HUPX, 2021). Hence, since 2014, the markets, operated by OTE in

the Czech Republic, OKTE in the Slovak Republic, HUPX in Hungary and

OPCOM in Romania, have been integrated (OTE, a.s., 2014a).

The 4M MC replaced Trilateral Coupling, that was in operation since 2012,

and created another step towards the single European electricity market. The

4M MC applied the PCR solution, which was developed by European Power

Exchanges. Moreover, it is used to interconnect energy markets across Europe

and to prepare for the future integration of Central and Eastern Europe (CEE)

and the rest of Europe (OTE, a.s., 2014b).

As already mentioned, with the 4M MC, the countries create an intercon-

nected market in which electricity can be transported between them via the

so-called cross-border flows. All four countries do not border each other, but

they form a certain exchange system where, for example, the Czech Republic

can supply electricity to Hungary via the Slovak Republic. Therefore, it is

necessary to know the electricity consumption and production in each country,

which is shown in Table 2.1. As can be seen, the most balanced consump-

tion with production is in the Slovak Republic. On the contrary, the biggest

difference between them is in the Czech Republic, where production exceeds

consumption, which then refers to a relatively large export of electricity.

Table 2.1: Total Electricity Production and Consumption of the Countries from
the 4M MC (in GWh/year, 2019)

Consumption Production
CZ 63,920 88,000
SK 26,237 27,500
HU 41,621 32,000
RO 55,008 65,200

Note: CZ – Czech Republic, SK – Slovak Republic, HU – Hungary, RO – Romania

Sources : BP Statistical Review of World Energy (2019);

U.S. Energy Information and Transformation (2019)

https://www.bp.com/content/dam/bp/business-sites/en/global/corporate/pdfs/energy-economics/statistical-review/bp-stats-review-2019-full-report.pdf
https://www.eia.gov/opendata/qb.php?category=2134404&sdid=INTL.2-2-SVK-BKWH.A
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2.2 Czech Electricity Market

In recent decades, electricity markets in most countries of the world, including

the Czech Republic, have been deregulated. The aim was to reduce government

control over the energy sector and create competition in the originally monop-

olistic electricity market. The process of deregulation of the Czech electricity

market took place in several phases, which, for example, were to ensure the

right of consumers to choose their own electricity suppliers. It started in 2002

and ended in 2006, when the electricity market was fully liberalised (Vitner,

2008).

With the deregulated market, electricity has become a commodity traded

on the Over-The-Counter (OTC) or regulated markets. On the OTC market,

trading parties agree in advance on specifics of contracts, price, and volume of

the electricity, which they then sign in a bilateral agreement. However, these

data are not freely available to the public compared to trading on the reg-

ulated markets. The regulated markets, where trading parties must respect

predetermined rules, are divided into long-term and short-term electricity mar-

kets. The long-term market is organised by Power Exchange Central Europe

(PXE) and the Czech Moravian Commodity Exchange Kladno (CMKBK). The

main product traded on these energy exchanges are futures. PXE futures are

traded anonymously in monthly, quarterly, or annual contracts, and are divided

into peak load (8:00 a.m. to 8:00 p.m.) and base load (the rest of the day)

futures (PXE, 2019). The short-term market is organised only by the Czech

Electricity and Gas Market Operator OTE and is divided into block market,

day-ahead market, and intra-day market (OTE, a.s., 2019). The differences

and specifics of these markets are generally discussed above in the subchapter

European Electricity Markets. However, descriptions of these markets within

the Czech Republic can be found in OTE, a.s. (2019). In this part, we focus

only on the Czech day-ahead market, as our analysis investigates this type of

markets.

Wholesale electricity trading in the Czech Republic is through OTE and

PXE. OTE was established on April 18, 2001 by the Czech Government, which

is also the sole shareholder of the company. The company has been operating

on the electricity market since 2002 and on the gas market since 2010. Hence,

the day-ahead trading on the electricity market through OTE was started one

year after its establishment, and only then the intra-day and block electricity

market trading was launched (OTE, a.s., 2019).
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Power Exchange Central Europe (PXE) is a Prague-based competence cen-

tre for Central and Eastern European power markets, which was established on

January 8, 2007 under the name ‘Energetická burza Praha’. It offers services

on electricity markets, especially providing anonymous trading and settling

standardised energy products. In 2016, PXE became part of European Energy

Exchange (EEX) Group, which is a group of companies that serve international

commodity and energy markets. As the part of the EEX Group, PXE is com-

mitted to further product and service development in CEE and, more recently,

in the Balkans. PXE also organises gas trading in the form of derivative prod-

ucts that are delivered to a virtual trading venue in the Czech Republic (PXE,

2019).

The Czech day-ahead electricity market was launched in 2002, as mentioned

above, one year after the establishment of the Czech Electricity and Gas Mar-

ket Operator OTE. Until February 2009, short-term electricity trading was

organised by OTE and PXE. Then, on February 1, 2009, OTE became the

only operator for the Czech day-ahead electricity market. The Czech Repub-

lic, together with the Slovak Republic, Hungary, and Romania coupled their

day-ahead markets and created the so-called 4M market coupling (OTE, a.s.,

2014a). This allows to match market participants’ bids on all four markets for

the following day jointly without the need for purchasing transmission capacity.

Market coupling is described in more detail within the previous subchapter.

On the day-ahead market, it is possible to anonymously offer or demand

electricity through daily auction for any hour of the delivery day. However,

this must be done at least one day in advance, always before the market closes,

i.e. by 11 a.m. Thus, traded period is one hour, then trading currency is

the euro, and tradable volume can range between 1 MWh and 99,999 MWh.

While a market participant sends an offer price as a buyer, sellers send the ask

price. Nevertheless, in any case the minimum price is -500 EUR/MWh, and

the maximum price is equal to 3,000 EUR/MWh. Unlike most other European

markets, the Czech day-ahead market is opened during weekends and national

holidays as well. After the market closes, the operator determines the final

spot electricity price for each hour of the following day based on the current

market situation and the current business terms of OTE. The price is binding

for buyers and sellers, regardless of their original offers, and is published online

before 2:30 p.m. (OTE, a.s., 2019).

In Figure 2.5, we can see the results of electricity prices (in EUR/MWh)
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and volumes (in MWh) on the Czech day-ahead electricity market for October

31, 2020. We can observe that during the day the electricity price is higher

than at night, while the largest volume is in the evening, especially at 10 p.m.

Figure 2.6 shows the electricity generation by source (in GWh) in the Czech

Republic between 1990 and 2019. As can be seen, the electricity was generated

mainly from coal and nuclear power.

Figure 2.5: Czech Day-Ahead Electricity Market – October 31, 2020

Source: OTE, a.s. (2020)

Figure 2.6: Czech Electricity Generation by Source – 1990 - 2019

Source: IEA - Czech Republic (2020)

https://www.ote-cr.cz/en/short-term-markets/electricity/day-ahead-market?date=2020-10-31&set_language=en
https://www.iea.org/countries/czech-republic


2. Theoretical Background 16

2.3 Slovak Electricity Market

The Slovak Republic has made significant progress in the field of energy. It has

strengthened cross-border electricity, gas, and oil interconnections along with

its neighbours (Ukraine, Hungary, Austria, the Czech Republic, and Poland)

with the support of the European Union. Also, it has increased market compe-

tition and improved its energy security. Slovak energy policy is largely driven

by European Union directives and requirements, especially regarding the lib-

eralisation of electricity and gas markets. Its key objectives are, for instance,

to increase efficiency in power and end-use sectors, to reduce dependence on

energy imports, or to increase the share of renewables in electricity and heat

sectors. By 2030, in terms of electricity, the Slovak government should focus

on developing a transparent programme for the elimination of administratively

set electricity and natural gas prices for end users (IEA, 2021).

As in the Czech Republic, price liberalisation in the Slovak energy sector is

important for enhancing its quality and energy efficiency. This is then crucial

for the development of smart grids, where decentralization of the electricity

market is also necessary. The liberalisation of production and wholesale activi-

ties in the Slovak Republic was carried out in January 2005. Since that period,

there have been no limits on amounts of electricity exchanged from the domes-

tic market, and export and import prices have been determined by bilateral

agreements (SE, a.s., 2021a).

In electricity generation, Slovenské Elektrárne (SE) is the largest provider

with 66% of the generation market in the Slovak Republic. SE mainly supplies

electricity to the three largest Slovak regional distribution companies (ZSE -

West, SSE - Central, VSE - East of the Slovak Republic). Slovenské Elektrárne

is also the main provider of ancillary services in the Slovak Republic, but it

does not operate in electricity distribution or in the electricity transmission

sector. Nevertheless, since 2009, when the Slovak and Czech markets coupled,

the so-called CZ-SK market coupling, SE has expanded on the distribution

market for small and medium-sized companies in the Slovak Republic and the

Czech Republic (SE, a.s., 2021a).

In the transmission of electricity, Slovenská Elektrizačná Prenosová Sústava,

a.s. (SEPS) is the main operator in the country and has a significant impact on

leading and anticipating reforms in the electricity transmission segment. Re-

garding the distribution segment, it is more regulated by the Slovak government

than generation and transmission, especially network tariffs. The operation of
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the distribution system in the Slovak Republic is divided into three regions

– West (ZSE), Central (SSE), and East (VSE), each of these operators be-

ing structured as a public-private ownership. The Slovak Republic seeks to

separate ownership of distribution system operations from other segments in

electricity (Leal-Arcas et al., 2020).

Gross production and consumption of electricity in the Slovak Republic

between 1983 and 2020 is presented in Figure 2.7. In 2020, 18,773 GWh of

electricity was generated by Slovenské elektrárne, and on the contrary, 16,994

GWh of net electricity was supplied to Slovak power plants (SE, a.s., 2021b).

Slovak electricity generation consists mainly of nuclear energy and, conversely,

wind energy has the least share in it. Specifically, in percentage, the electric-

ity generation mix is composed as follows: nuclear power 57.4%, hydropower

17.0%, coal 11.4%, biofuels and waste 5.8%, natural gas 4.3%, solar energy

2.5%, oil 1.6%, and wind power 0.02% (IEA, 2018). Figure 2.8 depicts the

electricity generation by source (in GWh) in the Slovak Republic from 1990 to

2019.

Figure 2.7: Gross Electricity Production and Consumption in the Slovak
Republic (in GWh, 1983 - 2020)

Source: SEPS, a.s. (2020)

https://www.sepsas.sk/Vyroba_Spotreba.asp?kod=568
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Figure 2.8: Slovak Electricity Generation by Source – 1990 - 2019

Source: IEA - Slovak Republic (2020)

Wholesale trade is mainly carried out based on agreements related to Eu-

ropean Energy Exchange (EEX) and Power Exchange Central Europe (PXE).

Day-ahead trading mostly takes place on the Over-the-Counter market through

the clearing agent – the Slovak Short-Term Electricity Market Operator OKTE.

A small share is then traded on day-ahead exchange platforms, with PXE hav-

ing the largest share. PXE is a commodity exchange that offers auctions of

electricity and natural gas to end-customers and is discussed in more detail in

the subchapter Czech Electricity Market. Another important operator of the

Slovak market is the already mentioned OKTE, which was established as a sub-

sidiary of SEPS, a.s. on August 11, 2010. It is a short-term electricity market

operator that performs day-ahead wholesale electricity activities. Since 2014,

OKTE together with OTE, HUPX and OPCOM has created the integrated

market, the so-called 4M Market Coupling (4M MC), where gate closure time

for day-ahead trading is at 11 a.m. (OTE, a.s., 2014a).

2.4 Hungarian Electricity Market

Hungarian electricity market was fully liberalised in 2008. Hence, consumers

are free to choose their energy supplier. However, in some segments, electricity

prices are still regulated within the so-called ‘universal supply’. This means

that public institutions, small and medium-sized enterprises, and household

customers have the right to purchase electricity to a certain extent from uni-

versal suppliers at regulated electricity prices. Hungarian government regulates

prices for end users, but these are sometimes substantially cheaper than non-

https://www.iea.org/countries/slovak-republic
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regulated prices, especially for the household customers. As a result, household

electricity prices belong to the lowest in Europe, but industrial prices are com-

parable to prices in the region. In addition, the legislative environment for elec-

tricity is shaped by Hungarian Energy and Public Services Regulatory Author-

ity (HEA). HEA controls and regulates the activities of companies engaged in

electricity, natural gas, water management, and district heating (IAEA, 2019).

Although domestic electricity production fell and Hungarian energy sup-

ply depends more than half on imports, electricity demand is relatively stable.

The electricity imports are mainly from its neighbouring countries. In elec-

tricity distribution, there are six system operators in Hungary. The key leader

of the Hungarian energy sector and the only transmission system operator is

MAVIR (Hungarian Independent Transmission Operator Company) (IAEA,

2019). MAVIR is an independent member of the MVM Group in accordance

with the model of the independent transmission operator. MVM Group is the

largest Hungarian energy company, which is responsible for the production,

distribution, and sale of electricity. MAVIR maintains the functionality of the

European electricity system and ensures that each of its users can use the same

quality services under the same conditions. In addition, it oversees expected

variations in domestic electricity consumption and conducts surveys of effects

on changes in demand (MAVIR, 2021).

Wholesale electricity trading in Hungary is through Power Exchange Cen-

tral Europe (PXE) and Hungarian Power Exchange (HUPX). PXE offers trad-

ing with electricity and natural gas for Czech, Slovak, Hungarian, Polish, and

Romanian power markets. More details about PXE are described in the sub-

chapter Czech Electricity Market. HUPX is the day-ahead power market that

was launched as a part of the Hungarian energy sector’s liberalisation.

In 2010, the Hungarian power exchange (HUPX) was established, and it be-

came the leader in Central and Eastern Europe. It supports the Hungarian en-

ergy market’s liquidity through its adopted trading framework and regulation.

Additionally, in this sector, it promotes the flow of working capital at regional

level. HUPX’s main activities are provision of reference price and exchange

trading platform, which effectively contributes to the Hungarian electricity

market’s development. In the organized electricity market, HUPX improves

the efficiency of the total domestic production and helps to reduce consumers’

electricity prices (HUPX, 2021).

On the Hungarian Power Exchange (HUPX), day-ahead and intra-day mar-
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kets are operated. Currently, there are 61 members on the day-ahead market

and 40 members on the intra-day market. Within the day-ahead market, hourly

and block day-ahead electricity products are traded. The Order Book closes

every day at 11 a.m. CET the day before delivery. HUPX day-ahead market

participates in the market coupling among the Czech, Slovak, Hungarian, and

Romanian markets (HUPX, 2021). Figure 2.9 shows HUPX’s daily electricity

prices (a) and volumes (b) of the day-ahead market in October 2020, which

is divided into peak and base values. As can be seen, prices fell sharply at

the beginning of the month, but had stabilized since the middle of the month.

There were no such changes in electricity volumes, they were relatively stable

throughout the observed period.

Figure 2.9: HUPX Day-Ahead Market – October 2020

(a) Daily Prices (b) Volumes

Source: HUPX (2020)

For further development of the Hungarian electricity market, HUPX estab-

lished intra-day market that has started operating on March 9, 2016. It allows

participants to trade 15-minute intra-day products and thereby reduces their

imbalance energy needs. By optimizing energy production closer to the de-

livery time, the intra-day market is suitable for managing predictive errors or

unexpected power plant outages. Moreover, HUPX also offers futures trading,

where peak load and base load contracts for weekly, monthly, quarterly, and

yearly periods are provided (HUPX, 2021).

Market coupling, as discussed above, contributed to the improvement of

market integration, the increase of competitiveness, and it ensured affordable

energy prices for all consumers. As an active participant in the European

market, HUPX joined the CZ-SK day-ahead market coupling on September

11, 2012 (HUPX, 2021). This created Trilateral Coupling among the Czech

Republic, the Slovak Republic, and Hungary.

In Figure 2.10, the composition of Hungarian generation mix since 1990 to

2019 is presented. We can see that the main source represented the nuclear

https://hupx.hu/uploads/Piaci%20adatok/DAM/havi/2020/HUPX_DAM_OLAP_Monthly_external_4MMC_Oct.pdf
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power, which it had been, with a few exceptions, since the beginning of the

observed period. Nuclear power was followed by natural gas, coal, biofuels,

and the rest comprised only a small part. The use of natural gas in electricity

generation had varied significantly over the last two decades. At peak levels

in 2007 and 2008, natural gas with more than 15,000 GWh accounted for

more electricity generation than nuclear power. However, its use then declined

substantially until 2014, when it was even at approximately 4,500 GWh. Also,

oil was historically a larger source of electricity generation, but since 2001 it

fell to an almost negligible source.

Figure 2.10: Hungarian Electricity Generation by Source – 1990 - 2019

Source: IEA - Hungary (2020)

2.5 Romanian Electricity Market

The liberalisation of electricity markets began in 1996, when its decision was

codified by Directive 1996/92/EC. Although Romania was not yet part of the

European Union at the time, it started to create a functioning electricity mar-

ket by restructuring the energy sector. The process of liberalisation of the

Romanian electricity market was then completed in 2007, when Romania also

joined the European Union. Market liberalisation allowed all consumers to

change their electricity supplier based on price, method of payment, duration,

etc. The process of deregulating electricity prices for non-household consumers

was completed in 2014, while electricity prices for household consumers were

liberalised in 2017. The prices then depended mainly on the relationship be-

tween supply and demand, but they were also affected by taxes and tariffs on

https://www.iea.org/countries/hungary


2. Theoretical Background 22

the markets of electricity production, transmission, distribution, and sale (Stet,

2017).

Along with a competitive electricity market, there is also a market for reg-

ulated electricity supply in Romania. As a result, electricity is supplied on

a regulated market, which serves households and customers, and on a com-

petitive market that covers industrial customers. In the regulated market,

electricity prices and quantity are set by Romanian Energy Regulatory Au-

thority (ANRE). The competitive market is legislatively governed by ANRE,

where price and quantity are derived according to the principle of demand. It

includes a wholesale electricity market and a retail market. In the wholesale

market, electricity is purchased for own use or resale. In the retail market,

end-users purchase electricity for their own consumption, and thus there are

transactions between suppliers/producers and consumers (Florea et al., 2017).

The main participants in the Romanian electricity market are Transelec-

trica, the transmission and system operator, and OPCOM, the electricity and

green certificates market operator owned by Transelectrica. Other market

players are OMEPA, the wholesale electricity market meeting operator, and

TELETRANS, the telecommunication and IT operator, both owned by Trans-

electrica, and then there are other eight distribution companies. The supply

and distribution sectors have been partially privatised, but most energy gen-

eration companies are still controlled by the government. Moreover, the main

companies of electricity generation are state-owned. Romania also owns most

shares in the Transmission System Operator. Unlike the transmission and

generation sectors, the distribution sector was partially privatised, i.e. five of

the eight distribution operators are privatised (Mihailescu, 2015). The state-

owned Transelectrica is the only operator that is authorised to provide elec-

tricity transmission in Romania. It is responsible for operation, maintenance,

and development of the transmission network (Transelectrica, 2021). OPCOM

is a Romanian energy market operator, which was established on August 15,

2000 as a subsidiary of Transelectrica. It ensures the functionality of day-ahead

market, intra-day market, centralized market for bilateral contracts, and cen-

tralized green certificates market (OPCOM, 2021a).

Figure 2.11 shows Romanian electricity generation by source (in GWh)

from 1990 to 2019. As can be seen, the ratio of sources in electricity generation

had relatively changed. In 2019, electricity was mainly generated by hydro

power, but in 2017 coal had the largest share. In any case, biofuels and waste
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represented the smallest share in electricity generation throughout the observed

period.

Figure 2.11: Romanian Electricity Generation by Source – 1990 - 2019

Source: IEA - Romania (2020)

Trading on Romanian day-ahead electricity market, a component of the

wholesale market, is held on the day before the delivery of electricity transac-

tion. The beginning of this market dates back to December 6, 2011, when Ro-

manian energy regulatory authority, transmission system operators, and power

exchange operators sent their Letter of Intent to join the CZ-SK-HU market

coupling. The CZ-SK-HU Market Coupling extended by Romania was suc-

cessfully implemented on November 19, 2014 based on the Price Coupling of

Regions solution. This created the market coupling consisting of four markets

from the following countries: the Czech Republic, the Slovak Republic, Hun-

gary, and Romania (HUPX, 2021). The implemented PCR solution did not

affect the communication of power exchange market participants. Also, the

coupled Romania did not significantly change external procedures or timing -

the gate still closes at 11 a.m. CET the day before delivery. Romania con-

tributed to higher liquidity through the new border with Hungary and to more

efficient allocation process (Mavir, 2014).

The Romanian day-ahead market is organised and managed by the electric-

ity market operator OPCOM. For each trading interval and national trading

zone, market participants may submit only one ‘buy’ offer and one ‘sell’ offer.

The offers must include prices in the range between -500 EUR/MWh and 3,000

EUR/MWh and must not exceed the volume limits (in MWh) set by OPCOM.

https://www.iea.org/countries/romania


2. Theoretical Background 24

After closing the gate at 11 a.m. before the delivery day, the bids are validated

based on the market clearing price (OPCOM, 2021b).

OPCOM has entered into an agreement with European Energy Exchange

(EEX) and Power Exchange Central Europe (PXE) on permission to use RO-

PEX DAM indices. These indices are used to register transactions of deriva-

tive financial contracts as well as to trade products (commodity futures with

financial settlement) in order to hedge against day-ahead market price volatility

risk (OPCOM, 2021b). Figure 2.12 depicts electricity prices (in EUR/MWh)

and traded volume (in MWh) on the Romanian day-ahead electricity market

for October 31, 2020. For base hours (all hours of the day), electricity price

was equal to 31.64 EUR/MWh and traded volume was 54,855.90. For peak

hours (9 a.m. – 8 p.m.), price and volume were equal to 37.46 EUR/MWh

and 27,894.50 MWh, respectively, while for off peak hours (1 a.m. – 8 a.m., 9

p.m. – 12 midnight), both values were lower (25.82 EUR/MWh and 26,961.40

MWh) (OPCOM, 2020).

Figure 2.12: Romanian Day-Ahead Electricity Market – October 31, 2020

Source: OPCOM (2020)

https://www.opcom.ro/opcom/pp/grafice_ip/raportPIPsiVolumTranzactionat.php?lang=en&fbclid=IwAR1Mqdd5b_CC-wbwA6A9ygUdTHTUXB-NsbpOMhGDyosGsfy7vdIvjtn_S3w


Chapter 3

Literature Review

This chapter captures papers and studies related to electricity, electricity mar-

kets, and modelling and forecasting electricity prices. It describes authors’

findings, compares relevant methodology and discusses utilised explanatory

variables affecting the prices. The chapter is structured as follows. Firstly,

we focus on literature describing electricity and its production on the market.

Secondly, we show how other scholars approached modelling of electricity prices

and the elements which impact them. Lastly, we report studies that deal with

forecasting the electricity pricing and comparing appropriate methods.

3.1 Electricity and Electricity Markets

Electricity markets have gradually become one of the most complex markets

in the economy. This is caused by a combination of unique factors for this

sector. According to Kaminski (2012), electricity is economically non-storable

commodity. It means that it is not possible to substitute electricity delivery

at 9 a.m. with the delivery at 10 a.m. Hence, each electricity delivery of every

hour refers to a different commodity. Kaminski (2012) also states that the

system of power stability requires a constant balance between production and

consumption.

Kristoufek & Lunackova (2013) observed long-memory properties of hourly

electricity spot prices in the Czech Republic. The authors utilised a detrended

fluctuation analysis and focused on separating cyclical components from the

properties of the data. They found that the electricity prices do not follow

the stationary process, but are strongly mean reverting, unlike prices of other
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financial assets with unit root series. This is caused by the non-storability

feature of electricity.

Compared to other financial markets, electricity spot markets are day-ahead

auction based and do not allow for continuous trading. There, electricity de-

livery offers and bids are submitted by agents within each established period

of the day. The submission must be done until a pre-set market closing time

on the previous day. Hence, for electricity price modelling and forecasting, we

have to take into account that next-day prices for all contracts are set at the

same time when all the agents have uniform available information (Huisman

et al., 2007; Peña, 2012).

Furthermore, there are balancing and ancillary services markets that are

complementary with the day-ahead market. These two markets are dealt with

papers by Ma et al. (2004) or Olsson & Soder (2008). Ma et al. (2004) used

data from Pennsylvania-New Jersey-Maryland Interconnection and New Eng-

land markets, and examined on them the accuracy of forecasting real-time

locational marginal prices by using neural network models. Olsson & Soder

(2008) constructed a model for balancing prices on Nord Pool data and utilis-

ing combined discrete Markov and seasonal ARIMA processes.

A single settlement of real-time structure is followed in markets such as

the Australian National Electricity Market (NEM) and the Ontario Electric-

ity Market (OEM) (Zareipour, 2008). In these markets, agents must submit

their bids on the pre-dispatch day, but the volume can be revised up to five

minutes in NEM and ten minutes in OEM before the dispatch time without

any limitations. Then, the market operator sets the prices each five minutes.

An average of these 5-minutes prices refer to spot prices that are determined

in half-hourly and hourly trading intervals for NEM and OEM, respectively.

According to Zareipour et al. (2007) and Higgs & Worthington (2008), the

Ontario and Australian electricity markets are substantially more volatile and

spike-prone compared to most other markets. It follows that Aggarwal et al.

(2009) found that models for day-ahead forecasts are more accurate than for

real-time forecasts.

In terms of electricity production, it firmly depends on nature (i.e. temper-

ature, wind speed) and on the intensity of business and everyday activities (i.e.

on-peak and off-peak hours, weekdays and weekends, holidays, etc.). Thus,

there is a significant difference in electricity prices during weekdays, when peo-

ple are at work or at school, and weekends, when people spend more time at
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home. The on-peak and off-peak hours within a day have very similar expla-

nation, where in the morning, evening or during the night people are at home

and need electricity more than in the daytime. This can result in short-term

unexpected price spikes described in Weron (2014).

There is also a pattern of seasonality associated with electricity, which par-

ticularly affects electricity prices. Weron et al. (2004) used Nord Pool data from

January 1, 1997 to April 25, 2000, and showed that the average daily prices are

roughly shaped into a sinusoid with a linear trend. Chan et al. (2008) applied

Australian electricity prices and displayed their monthly fluctuation. The au-

thors showed that the prices are, due to the usage of air-conditioning, higher in

summer and winter in comparison with autumn, and are less volatile in spring.

Thus, Chan et al. (2008) included dummy variables involving the seasonal-

ity patterns of the particular market. They used dummy variables for winter,

spring, autumn and a dummy for weekends. Weron & Misiorek (2008), on

the other hand, rather focused only on weekly patterns and included dummy

variables for Mondays, Saturdays, and Sundays. It follows that the weekly

dummies do not usually cover the whole week, but only some distinct days,

which is also confirmed by Kristiansen (2012), who used Mondays, Fridays,

Saturdays, and Sundays as the weekly dummy variables.

3.2 Electricity Price Modelling

According to Weron (2014), there are three particular approaches used for

modelling long-term trend-seasonal component in electricity spot prices: piece-

wise constant functions or dummies that can be combined with a linear trend

(Knittel & Roberts, 2005; Higgs & Worthington, 2008; Fanone et al., 2013);

sinusoidal functions or sums of sinusoidal functions with different frequencies

(Cartea & Figueroa, 2005; Bierbrauer et al., 2007; Benth et al., 2012); and

wavelets (Conejo et al., 2005; Weron, 2009; Schlueter, 2010) or other nonpara-

metric smoothing techniques (Bordignon et al., 2013; Lisi & Nan, 2014).

Regarding the first approach, Higgs & Worthington (2008) employed daily

electricity spot prices from the Australian national electricity market that com-

prises the interconnected markets of Queensland, New South Wales, Victoria,

and South Australia. Daily data are applied in basic stochastic, mean-reverting,

and regime-switching models to capture commonly known features of electric-

ity (high price volatility, frequent extreme price spikes, strong mean-reversion).
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Higgs & Worthington (2008) concluded that the regime-switching model pro-

vides the best performance compared to the other two models. Also, the results

showed that electricity prices exhibit stronger mean-reversion and higher price

volatility in spike periods than in normal periods.

Cartea & Figueroa (2005) conducted the second approach in their paper.

They proposed a mean-reverting jump diffusion model using electricity spot

prices from the market of England and Wales, and derived the relevant forward

curve in a closed form. Using historical spot data and market forward data,

the authors calibrated the parameters of the model. The second approach can

be also seen in Bierbrauer et al. (2007) or in Benth et al. (2012). The latter

performed an empirical analysis of three models for the electricity spot prices,

where one of the models is the jump-diffusion model proposed by Cartea &

Figueroa (2005).

Schlueter (2010) analysed short-term electricity prices by using a stochastic

long-term/short-term model. The model is applied to the Nordic, German,

Dutch and United Kingdom indices. The author found out that all-time series

include periodic patterns and exhibit dynamic volatility. Hence, he presented

the wavelet transform for filtering purpose and a bivariate GARCH model

with constant correlation. Using the wavelet transform, long-term trend was

separated from short-term oscillation in seasonal-adjusted log-prices. Lisi &

Nan (2014) studied certain methods in homogenous framework for component

estimation. Then, the authors compared the methods by specific criteria in

order to find a suitable estimation procedure for electricity price time series

filtering.

Several papers estimated their analyses by using average daily data rather

than hourly data, especially if the authors examined the impact of the Renew-

able Energy Sources (RES) on electricity spot prices (Higgs, 2009; Gelabert

et al., 2011; Clò et al., 2015). However, averaging of electricity prices might

cause losing information contained in hourly granularity. This could result in a

reduction of short run dynamics across hours as the output from RES can vary

significantly within a day. Also, using daily data could lead to a deterioration

of forecast accuracy. This was partially confirmed by Cuaresma et al. (2004),

who studied forecasting ability of a battery of univariate models. The authors

applied hourly electricity spot prices from Leipzig Power Exchange market in

AR, ARMA, and unobserved component models. They modelled the whole

time-series dataset and then each hour of the day separately, and compared
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their forecast accuracy. The results showed that the hour-by-hour modelling

presented better forecasting precision. Since not all studies came to the same

conclusion in the use of data frequency, we apply both datasets, daily and

hourly, and compare their usefulness and accuracy of forecasts.

Other researchers also concentrated on electricity price modelling, which

were closely related to electricity price forecasting. After the development of

power industry in Germany, Ziel et al. (2015) presented a time-series model us-

ing hourly data of German electricity spot prices of European Power Exchange.

The authors developed a sophisticated period VAR-TARCH model with load,

solar, and wind power as effects on the time series. For estimation, they used

iteratively reweighted lasso approach. Park et al. (2006) utilised Vector Au-

toregressive (VAR) models, and examined relationships and price dynamics

among eleven US electricity spot markets. The VAR model in various forms

was also used in Panagiotelis & Smith (2008), who developed a first order VAR

model with exogenous effects and a skew t distributed errors within a Bayesian

framework, and in Lanne et al. (2010), who focused on a structural VAR model

in their study. Paraschiv et al. (2014) observed the effect of renewable energies

on European Energy Exchange day-ahead electricity prices using a dynamic

fundamental model. The model assumed that the electricity prices are based

on a joint performance of fundamental variables, such as Renewable Energy

Sources (RES), weather data, or load. Their results showed that renewable

energies decrease the day-ahead electricity prices, but consumer prices in total

increase due to the extra feed-in tariffs used for promoting the renewable en-

ergies. Knittel & Roberts (2005) analysed restructured electricity prices using

hourly data from California. In addition to the data on electricity prices, the

authors also utilised weather data (i.e. temperature) and dummy variables for

treating seasonality, and applied them in autoregressive moving average model

with additional explanatory variables (ARMAX).

The following two studies focused more on electricity price forecasting, but

also examined the use and comparison of models for price modelling. There-

fore, we briefly mention them in this section before we move on to the section

dealing exclusively with electricity price forecasting. Torró (2007) used an

ARIMAX model that was compared with forecasting power of weekly elec-

tricity prices at Nord Pool. The estimated model included lagged exogenous

variables that consisted of temperature, reservoir levels, precipitation, and dif-

ferences between future and spot prices. The author found that the ARIMAX
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model may improve expectation formation process for electricity prices. Ma-

ciejowska & Weron (2013) modelled electricity prices directly through ARX

and Vector ARX models and indirectly via factor models. The authors utilised

half-hourly data from UK power market and studied the accuracy of forecasts

of daily electricity spot prices. They assessed the forecasting performance of

five models and compared them with a univariate model using only daily data.

The results showed that the forecast accuracy was improved by incorporating

intra-day relationships of electricity prices.

3.3 Electricity Price Forecasting

Electricity price forecasting has become a main input to decision-making mech-

anisms of energy companies (Weron et al., 2006). The unique and specific char-

acteristics of electricity markets lead to an improvement in the development of

better prediction techniques. So far, electricity price forecasting has been per-

formed through various methods and models in many studies. As the success

of these methods differs, papers dealt with comparisons of the models by con-

sidering their strengths and weaknesses, and discussed their suitability for the

price forecasting (Weron, 2014; Uniejewski et al., 2016). Moreover, Lago et al.

(2020) compared state-of-the art statistical and deep learning methods, and

presented a set of best practices for electricity price forecasting. The authors

focused on multiple markets over several years and did not limit their paper

only to a single market test sample as most other studies did. In addition, they

created a basis for further studies by making available datasets, forecasts of the

models, and a uniquely designed python toolbox.

According to both Weron (2014) and Uniejewski et al. (2016), the appropri-

ate choice of explanatory variables is a crucial part for electricity price forecast-

ing. Uniejewski et al. (2016) involved in their empirical study state-of-the-art

parsimonious autoregressive structures as benchmarks. They selected datasets

from three power markets and utilised five classes of automated selection and

shrinkage procedures, such as elastic nets, lasso, ridge regression, single-step

elimination, and stepwise regression. They showed that the elastic nets and

lasso have on average better performance than the parsimonious autoregressive

models for forecasting electricity pricing. Contrary, the remaining three classes

of the selection and shrinkage procedures (ridge regression, single-step elimi-

nation, stepwise regression) do not bring significant accuracy gains and, thus,
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they are not suitable for the forecasting. Weron (2014) analysed a variety of

methods used for forecasting electricity pricing, and described their advantages

and disadvantages. Also, the author assessed opportunities and threats of the

forecasting tool in general, and speculated on the forecasting development in

the future. He assumed studies dealing with forecasting of electricity prices

and involving same datasets, procedures of robust error evaluation, and test-

ing of one model’s outperformance of another for better objective comparison.

The summary and classification of electricity price models that Weron (2014)

examined in terms of forecasting capabilities is depicted in Figure 3.1.

Figure 3.1: Taxonomy of Electricity Price Modelling Approaches used for their
Forecasting Capability Examination

Source: Weron (2014)

Nowotarski & Weron (2018) updated and further extended the review of

forecasting electricity prices provided by Weron (2014). The authors presented

guidelines for the rigorous use of methods, measures, and tests in a review of

probabilistic electricity price forecasting.

As the proper selection of input variables is a key determinant of getting

right solution for forecasting electricity pricing, many of published studies in-

cluded factors such as fuel prices, wind power, and temperature in their models

(Weron & Misiorek, 2008; Karakatsani & Bunn, 2008; Kristiansen, 2012). In

this thesis, we utilise daily and hourly data. In terms of daily data, some
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studies proposed to use average of the daily temperatures over several cities

(Knittel & Roberts, 2005). Huisman (2008) employed daily temperature as

relative deviation from the mean temperature, and Herrera & González (2014)

applied maximum daily temperature. For our analysis, we have decided to use

the average of hourly data as the daily temperatures.

For comparing various approaches of electricity spot price estimation, Au-

toregressive (AR) model is often utilised as a benchmark model. Weron &

Misiorek (2008) compared the accuracy of twelve time-series methods for day-

ahead electricity price forecasting, i.e. AR models, their extensions (spike

pre-processed, threshold, semiparametric autoregressions – AR models with

nonparametric innovations), and mean-reverting jump diffusions. The com-

parison is provided by using a time series of hourly electricity spot prices and

system-wide loads for California, and a series of hourly electricity prices and

temperatures for the Nordic market. The authors came into two findings.

Firstly, models with system-wide loads have generally better performance than

pure price models. However, this does not necessarily apply to models with the

air temperature as the exogenous variable. Secondly, semiparametric models

have better point and interval forecasts compared to their competing models.

In addition, they perform well under varied market conditions. Kristiansen

(2012) presented an ARX-type time-series model to forecast Nord Pool hourly

day-ahead electricity prices. The author modified the model of Weron & Mi-

siorek (2008) to include Nordic demand and Danish wind power as exogenous

variables, and reduced the number of estimation parameters from 24 sets to 1.

Further, Kristiansen (2012) modelled prices in the studied period jointly across

all hours rather than separately for each single hour of a day. After applying

three model variants on Nord Pool data, the results showed that the models

are relatively straightforward to implement and enable forecasting hourly day-

ahead prices properly. Karakatsani & Bunn (2008) utilised fundamental models

for electricity spot prices that are built for each of 48 half-hour load periods in

the British market. The authors investigated the day-ahead forecasting results

of the models and compared their performance to those of time-varying pa-

rameter and regime-switching regression models. Karakatsani & Bunn (2008)

concluded that the models invoking market fundamentals and time-varying co-

efficients attain the best forecasting performances among different alternatives.

Some papers applied Seemingly Unrelated Regressions (SUR) method for

modelling and forecasting electricity prices in day-ahead markets. Huisman
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et al. (2007) focused on characteristics of these prices by using hourly data

for three European (Dutch, German, and French) markets in 2004. The data

in a panel framework were then modelled in SUR. It later gave rise to the

creation of paper by Bisaglia et al. (2010), where one of their goals was to

examine the forecasting performance of the panel model by Huisman et al.

(2007). There are also other studies that deal with the prediction of household

and employment distribution (Zhou & Kockelman, 2009) or the price elasticity

of gasoline demand (Brons et al., 2008) using the SUR method. However, to

the best of our knowledge, despite the large number of studies related to the

forecasting in electricity markets, not many studies deal with electricity prices

in connection with the SUR method. Therefore, we intend to address these

shortcomings and, together with Autoregressive (AR) models, we also use the

SUR to model and forecast day-ahead electricity prices.

Most papers and studies usually concentrate on a single market (Lago et al.,

2020), or on larger markets, such as the United States, Canada, Nordic Eu-

ropean countries (Scandinavian Nord Pool), or United Kingdom (Bordignon

et al., 2013; Nowotarski et al., 2014). Within Europe, Nordic Power market is

the most studied electricity spot market, presumably due to its old history be-

ginning in the early 1990s and its stability. According to Weron et al. (2004), it

is considered as the most stable market not only in Europe but also worldwide.

Due to the lack of papers focusing on smaller day-ahead markets, we analyse

electricity prices coming from several countries of Central and Eastern Europe

(i.e. the Czech Republic, the Slovak Republic, Hungary and Romania).

Bordignon et al. (2013) considered price data from UK Power Exchange

and used them in a forecast-combining approach of day-ahead British elec-

tricity prices. The authors argued that regime-switching property of electric-

ity prices can be captured by combining several time-series regression models.

They compared forecasting performance of the models (ARMAX, linear re-

gression, time-varying parameter regression, Markov regime-switching model)

and simple average combinations. The results showed that the combinations of

forecasts provides better predicting performance than the single models. Specif-

ically, the best performance is obtained with a combination of ARMAX, time-

varying parameter regression and Markov regime-switching models. Similarly,

Nowotarski et al. (2014) examined whether combining and averaging forecasts

improve electricity price prediction. The authors used four day-ahead price

time series from three main European and US power markets: Scandinavian
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Nord Pool (1998-1999, 2009-2010), European Energy Exchange in Germany

(2009-2011), and Pennsylvania-New Jersey-Maryland Interconnection (2010-

2012) in the US. The dataset from Nord Pool (1998-1999) was also utilised by

Weron & Misiorek (2008). Nowotarski et al. (2014) applied twelve individual

models and seven averaging approaches, which compared to the benchmark of

an autoregressive model. Similarly to Bordignon et al. (2013), they concluded

that combining forecasts of models derive more accurate price predictions than

individual forecasts. Nevertheless, the performance is not uniform across all

datasets and considered markets. In addition, the authors found that common

forecast averaging schemes, such as Bayesian Model Averaging and Ordinary

Least Squares regression, are not suitable for forecasting electricity spot prices.

Beside the mentioned papers and studies, there are three books concern-

ing electricity price forecasting – Shahidehpour et al. (2003), Weron (2007),

Zareipour (2008). There are also other books mentioning this topic, but they

generally focus more on derivatives valuation and modelling of the stochas-

tic price dynamics for risk management rather than on day-ahead electricity

price forecasting (Eydeland & Wolyniec, 2003; Weber, 2006; Benth et al., 2008;

Burger et al., 2008).

Shahidehpour et al. (2003) discussed the basics of electricity markets and

electricity pricing. The authors described price formation, price volatility, and

exogenous variables of electricity price forecasting and its performance evalu-

ation. Also, they concentrated on electricity price forecasting module based

on neural networks. Weron (2007) presented an overview of modelling ap-

proaches and focused on practical applications of statistical models for day-

ahead electricity price forecasting, such as GARCH, ARMA, ARMAX, or

regime-switching models. Moreover, the author discussed quantitative stochas-

tic models for derivatives pricing – Markov regime-switching and jump-diffusion

models. Zareipour (2008) provided a review of linear and nonlinear time-series

models - ARIMA, ARMAX and ARX for the linear models, and neural net-

works and regression splines for the nonlinear. These models are then utilised

for forecasting hourly electricity prices in Ontario power market.



Chapter 4

Data

Our data come from two sources. A major part of our data was obtained from

Czech Electricity and Gas Market Operator OTE (Operátor Trhu s Elektřinou,

a.s.). Electricity prices of Central and Eastern Europe (i.e. the Czech Republic,

the Slovak Republic, Hungary, and Romania) are determined at the auction

by the electricity market operator and freely available on the OTE’s website

(www.ote-ct.cz) at Yearly Reports since January 2002. As electricity prices

are significantly affected by weather (Weron, 2014), the second source is the

weather service Weather Underground (www.wunderground.com). It provides

data of temperature on daily and hourly basis. In this chapter, all data used

within the thesis are described in detail.

4.1 Core Data Sources

OTE, a.s.

As we introduced above, the main part of our data was obtained from the

OTE’s website. OTE offers data on the electricity markets for a given year,

which are available in the information system of the market operator. It only

misses the description of the individual market participants’ behaviour and

their trade secrets. The data are accumulated in Annual Market Reports and

divided into three sets. The first set contains daily evaluation data (version 0),

which are available every Wednesday. The second set and the third set include

monthly evaluation data (version 1) and final monthly evaluation (version 2),

respectively. Both are published after the settlement of the monthly evaluation,

www.ote-ct.cz
www.wunderground.com
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which is usually on the sixteenth working day after the end of the evaluated

month.

The Annual Market Reports are available since January 2002, however, until

2009 OTE was not the only provider of the day-ahead market, and euro was not

the official trading currency. Therefore, we do not focus on that period of time

and instead our data begin on January 1, 2015 and end on December 31, 2020.

In contrast with most studies, which usually have a limited scope, i.e. they

focused only on a single market and a 2-3 year time range (Lago et al., 2020),

our data contain six years. Necessary information is readily available for all

our observed countries (the Czech Republic, the Slovak Republic, Hungary, and

Romania) with euro as the trading currency. Another reason why our data start

in 2015 is the creation of market coupling, where all four mentioned countries

have been present since November 19, 2014 (OTE, a.s., 2014b). Therefore,

complete data for these countries are available on the OTE’s website from

November 20, 2014. It is important to notice that our data contain two leap

years (2016, 2020), where the number of days is not 365, but 366. The thesis

deals with daily and hourly data, which consist of 2,192 and 52,608 observations

in total, respectively. In the hourly data, electricity prices are collected every

day for each hour. In the daily data, prices are calculated by averaging the

hourly data for a given day and rounded to two decimal places.

In addition to electricity prices, both our datasets include data on cross-

border flows between individual countries. From them, we create a variable

Net Cross-Border Flow and its derivation is described in more detail in the

following section Data Creation. Electricity prices and cross-border flows are

quoted in EUR/MWh and MWh, respectively.

In Table 4.1, we have an example of hourly data from October 31, 2020

for the Czech Republic (CZ), the Slovak Republic (SK), Hungary (HU), and

Romania (RO) available at OTE’s website. The table represents important

variables for our analysis, i.e. electricity prices for all four observed countries

and cross-border flows between them. For example, the highest price of October

31, 2020 was recorded in Hungary and Romania at 7 p.m. and was equal to

41.44 EUR/MWh. At this hour, we also observe the highest electricity flow

from Slovakia to Hungary (SK ⇒ HU), specifically 1, 202.00 MWh. Figure

4.1 takes data from Table 4.1 and others prior to the date and depicts spot

market index of the whole month October 2020 for the observed countries.

We can notice that the highest prices in the observed month compared with
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all countries are mostly in Hungary, and contrary the lowest prices appear

predominantly in the Czech Republic.

Table 4.1: Hourly Data CZ-SK-HU-RO – October 31, 2020

Hour
Price CZ

(EUR/MWh)
Price SK

(EUR/MWh)
Price HU

(EUR/MWh)
Price RO

(EUR/MWh)

Cross-Border Flow
(MWh)

CZ ⇒ SK SK ⇒ CZ SK ⇒ HU HU ⇒ SK HU ⇒ RO RO ⇒ HU
1 27.90 27.90 27.90 27.90 313.50 0.00 893.40 0.00 0.00 424.40
2 26.51 26.51 26.51 26.51 0.00 425.50 185.80 0.00 0.00 433.20
3 24.87 24.87 24.87 24.87 0.00 864.80 0.00 204.60 0.00 334.80
4 22.76 22.76 22.76 22.76 0.00 807.60 0.00 138.70 0.00 50.30
5 23.51 23.51 23.51 23.51 0.00 554.60 59.40 0.00 5.00 0.00
6 25.65 25.65 25.65 25.65 156.40 0.00 682.90 0.00 348.60 0.00
7 27.01 27.01 27.01 27.01 445.10 0.00 975.10 0.00 438.60 0.00
8 30.56 30.56 30.56 30.56 739.30 0.00 1,173.60 0.00 161.60 0.00
9 34.18 34.18 34.67 34.67 903.20 0.00 1,202.00 0.00 102.00 0.00
10 35.00 35.00 37.05 37.05 1,023.10 0.00 1,202.00 0.00 31.30 0.00
11 34.48 34.48 34.67 34.67 1,107.60 0.00 1,202.00 0.00 18.60 0.00
12 33.20 33.20 34.46 34.46 1,183.70 0.00 1,202.00 0.00 23.80 0.00
13 32.69 32.69 34.21 34.21 1,159.50 0.00 1,202.00 0.00 24.60 0.00
14 30.30 30.30 32.31 32.31 1,103.00 0.00 1,202.00 0.00 118.70 0.00
15 28.82 28.82 32.63 32.63 1,069.60 0.00 1,202.00 0.00 134.60 0.00
16 31.18 31.18 37.68 37.68 1,124.10 0.00 1,202.00 0.00 44.30 0.00
17 32.73 32.73 44.80 44.80 1,144.10 0.00 1,202.00 0.00 95.90 0.00
18 36.48 36.48 45.74 45.74 1,090.10 0.00 1,202.00 0.00 0.00 158.80
19 38.47 38.47 41.44 41.44 1,004.50 0.00 1,202.00 0.00 0.00 121.30
20 37.50 37.50 39.85 39.85 995.80 0.00 1,202.00 0.00 0.00 255.80
21 32.66 32.66 33.27 33.27 954.20 0.00 1,202.00 0.00 0.00 209.50
22 24.75 24.75 27.65 27.65 883.00 0.00 1,202.00 0.00 0.00 210.00
23 22.26 22.26 22.62 22.62 772.40 0.00 1,202.00 0.00 0.00 183.00
24 17.47 17.47 17.47 17.47 507.30 0.00 1,166.30 0.00 0.00 219.90

Note: CZ – Czech Republic, SK – Slovak Republic, HU – Hungary, RO – Romania
Source: OTE, a.s.

Figure 4.1: Spot Market Index – October 2020

Note: BASE SK line is not visible due to similarity with BASE CZ.

Source: OTE, a.s.

Weather Underground, Inc.

The second source is Weather Underground (www.wunderground.com). As

weather has a substantial effect on changing and predicting electricity prices

(Weron, 2014), the thesis investigates whether and how much temperature

https://www.ote-cr.cz/en/statistics/yearly-market-report?date=2020-01-01&set_language=en
https://www.ote-cr.cz/en/short-term-markets/electricity/market-coupling?date=2020-10-31
www.wunderground.com
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enhances forecast accuracy of electricity prices. However, the temperature itself

includes seasonal patterns, which show a unit root in statistical tests and, thus,

it is then neither significant nor suitable for the models. Therefore, we take

the temperature data and use them to create a variable Relative Temperature

Deviation from Long-Term Average, which treats seasonality. A more detailed

description of this variable can be found in the following section Data Creation.

Weather Underground is a weather service that provides real-time weather

information and weather reports for most capital cities across the world. The

sources of the weather information are National Weather Service and more than

250,000 Personal Weather Stations. Weather Underground was founded in 1995

by Jeff Masters and it is owned by a parent company The Weather Company,

which is a subsidiary of International Business Machines Corporation.

Weather history contains daily, weekly, and monthly observations, where

Time, Temperature, Dew Point, Humidity, Wind, Wind Speed, Wind Gust,

Pressure, Precipitation, and Condition are depicted. In our case, we utilise

Temperature data depicted in the degree Fahrenheit (°F). As in the electricity

prices, we use daily and hourly values, where the hourly data are collected

every day for each hour, while the daily data are calculated by averaging the

hourly data for a given day and rounded to an integer. The problem with

hourly dataset is that it is measured many times within a day, more than once

an hour, thus every day contains a different number of observations. Therefore,

we have to use formulas in an Excel file to select our required hourly data for an

entire hour. In order to match weather data to the data from OTE, the datasets

also begin on January 1, 2015 and ends on December 31, 2020, i.e. contains six

years. Since we have four observed countries (the Czech Republic, the Slovak

Republic, Hungary, and Romania), the weather data are obtained according to

the meteorological stations in their capital cities: Prague, Bratislava, Budapest,

and Bucharest.

In Table 4.2, we present an example of daily data from October 1, 2020

to October 31, 2020 for the capital city of the Czech Republic, Prague, that

are available at the website of Weather Underground. The table represents

temperature in °F of each day depicted in the maximum (Max), minimum

(Min) and average (Avg) values. In daily data, we are primarily interested in

average values. Figure 4.2 utilises data from Table 4.2 and shows the values

of temperature in Prague for the whole month October 2020. We can observe

that the maximum temperature on October 31, 2020 is equal to 59.0 °F, the
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minimum value is 45.0 °F, and the average temperature of these two values

equals 52.5 °F.

Table 4.2: Daily Data of Temperature in Prague – October 2020

Time Temperature (°F) Time Temperature (° F)
Oct Max Avg Min Oct Max Avg Min

1 64.0 53.9 46.0 17 46.0 44.0 41.0
2 64.0 55.3 46.0 18 50.0 44.9 41.0
3 72.0 60.6 52.0 19 50.0 45.7 43.0
4 63.0 54.9 48.0 20 54.0 44.1 37.0
5 55.0 51.1 48.0 21 54.0 46.2 41.0
6 59.0 52.6 46.0 22 59.0 50.6 43.0
7 57.0 52.0 48.0 23 61.0 54.6 50.0
8 59.0 52.6 48.0 24 61.0 54.5 48.0
9 61.0 57.4 52.0 25 59.0 49.1 41.0
10 57.0 51.9 43.0 26 54.0 50.2 45.0
11 48.0 42.1 36.0 27 48.0 44.9 39.0
12 50.0 44.3 39.0 28 50.0 44.9 37.0
13 46.0 42.9 37.0 29 52.0 47.0 43.0
14 45.0 43.5 41.0 30 54.0 50.6 45.0
15 52.0 47.7 45.0 31 59.0 52.5 45.0
16 48.0 45.8 43.0

Source: Weather Underground, Inc.

Figure 4.2: Temperature (in °F) in Prague – October 2020

Source: Weather Underground, Inc.

4.2 Data creation

In order to have reliable datasets with all necessary variables and without any

errors, we have to perform several changes after collecting daily and hourly

data from all the sources mentioned above.

As we deal with hourly data, it is necessary to notice that there are tran-

sitions from winter to summer time at the end of March and vice versa at the

end of October every year. This causes that the original hourly data do not

include 24 observations per all of days in the dataset. Every year one day at

https://www.wunderground.com/history/monthly/cz/prague/LKPR/date/2020-10
https://www.wunderground.com/history/monthly/cz/prague/LKPR/date/2020-10
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the end of March has only 23 observations, while one day at the end of October

has 25 observations. Therefore, we have to adjust our data so that every day

of each year has 24 hours. The adjustment of data is required to perform an

analysis of our regressions properly.

According to Kellogg & Wolff (2008), who evaluate an impact of daylight-

saving time on electricity demand, activity patterns affecting shift in the elec-

tricity demand are more tied to the clock than to the amount of daylight. Thus,

assuming that the electricity prices are determined under the same terms in

both summer and winter time, we can simply remove the extra 25th observa-

tion from the day at the end of October and fill the missing observation in

the day at the end of March. As our data contains six years, we have only six

missing observations in March. Therefore, we simply fill the observations by

averaging the two adjacent values, i.e. the 23rd observation of that day and the

1st observation of the following day.

Another change is associated with the data on cross-border electricity flows

between the observed countries. In order to have one variable of all flows to

and from an individual country, we create a variable Net Cross-Border Flow

(CBF). The variable is derived as follows:

Net CBFi,t =
∑︂
j, j ̸=i

CBF to countryi,j,t −
∑︂
j, j ̸=i

CBF from countryi,j,t, (4.1)

where i is an individual country, for which the Net CBF is calculated, j

stands for a given country, from which or to which the electricity flows, and t

depicts time. Hence, it follows that
∑︁

j, j ̸=i CBF to countryi,j,t denotes the

sum of the cross-border flows to the country i from the country j, while∑︁
j, j ̸=i CBF from countryi,j,t represents the sum of the flows from the coun-

try i to the country j, and the country i is the one for which we compute the

Net CBF. If the result of this calculated variable is positive, it means that more

electricity flows into a given country i than it flows away. Conversely, if the

result is negative, then the country i exports more electricity than it imports.

The difference between hourly and daily data is that the hourly data calculate

the variable Net CBF from the individual accessible hourly values, while the

daily data have only average values of the cross-border flows available.

The last modification of our data concerns the temperature, which involves

seasonality. To remove these patterns, we create a variable Relative Tempera-
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ture Deviation (RTD) from Long-Term Average as:

RTDi,t = Temperaturei,t − avg (Temperaturei,t)m,t , (4.2)

where i represents relevant capital cities of the four studied countries, t stands

for time, and m denotes the month in which the time t is. It is important to

note that avg in Equation 4.2 represents the arithmetic average of the daily

temperature for a given month, and it is the same for hourly and daily data.

4.3 Descriptive Statistics

After data creation, we examine main characteristics of our data. Figure 4.3

shows daily data of electricity prices from January 1, 2015 until December 31,

2020 in the Czech Republic. As can be seen, the daily electricity prices are

highly volatile, shows patterns of seasonality and calendar effect. The seasonal

patterns are dependent on the geographic location of the observed country.

For instance, the highest electricity consumption in the northern countries is

usually recorded during the winter due to heating. In contrast, in the southern

countries, higher consumption occurs during the summer months, when air

conditioning is widely used (Zachmann, 2008). In the Czech Republic, yearly

seasonality effect can be observed in daily prices, which are plunging between

the quarter and the middle of the year. The substantial spikes occur around

the end of each year, where the largest spike is in 2017. The highest prices

can be observed during 2018, while the lowest prices are during 2020. Figure

4.4 represents hourly data of electricity prices between January 1, 2015 and

December 31, 2020 in the Czech Republic. Since daily data are the average

of the hourly, they depict same patterns, only hourly data are more precise

and have more observations. We present the figures related only to the Czech

Republic, as electricity prices show similar patterns across all of the observed

countries and, thus, we choose the Czech Republic as an illustrative example.
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Figure 4.3: Daily Data of Electricity Prices in the Czech Republic
(January 1, 2015 - December 31, 2020)

Source: Author’s Computation

Figure 4.4: Hourly Data of Electricity Prices in the Czech Republic
(January 1, 2015 - December 31, 2020)

Source: Author’s Computation

Descriptive statistics of daily and hourly data are summarised in Table 4.3

and Table 4.4, respectively. From Table 4.3 (daily data), the highest maximum

price can be seen in Hungary, which was recorded on January 11, 2017 and

equals to 150.02 EUR/MWh, while the lowest minimum price appears in the

Czech Republic and the Slovak Republic and equals to −19.59 EUR/MWh.

Looking at the relative temperature deviation, we can notice that the high-

est positive deviation from the long-term average is present in Prague (the

Czech Republic), and the lowest value (i.e. the highest negative deviation) is

in Bucharest (Romania). The largest standard deviation can be found in cross-

border electricity flows, possibly because of irregular flow between the observed
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countries. In Table 4.4 (hourly data), we can notice similar results as in daily

data. The highest maximum price is also present in Hungary and equals to

300.10 EUR/MWh, and the lowest minimum price is again in the Czech Re-

public and the Slovak Republic and equals to −65.00 EUR/MWh. The reason

for such a high maximum price in Hungary is the January 2017 European cold

wave, which hit Hungary between January 7 and January 11. Both maximum

and minimum values of the relative temperature deviation from the average

in hourly data are in Romania. The standard deviation is the greatest, same

as in daily data, in cross-border flows, even many times larger than in other

variables.

Before using the data in regressions, we also perform several statistical tests

to verify that the necessary assumptions are satisfied. For testing stationarity

and unit root, we use Augmented Dickey-Fuller (ADF) test and Kwiatkowski-

Phillips-Schmidt-Shin (KPSS) test. In order to test heteroskedasticity and

autocorrelation in error terms, we apply Breusch-Pagan (BP) test and Breusch-

Godfrey (BG) test. Finally, we use Shapiro-Wilk (SW) test or Kolmogorov-

Smirnov (KS) test depending on the basis of the dataset, and for both daily

and hourly data we also use Jarque-Bera (JB) test to determine whether we

analyse normally distributed datasets. Detailed descriptions of these tests and

assumptions are presented in the chapter Methodology. Their results are in the

chapter Empirical Results.
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Chapter 5

Methodology

The methodology used in this thesis utilises standard frameworks for estimat-

ing effects of lagged values, relative temperature deviation and net cross-border

flows on electricity prices in the Czech Republic, the Slovak Republic, Hungary,

and Romania. This chapter is structured as follows. Firstly, we describe several

statistical tests and assumptions, which are utilised throughout the analysis.

Secondly, we present model identifications and procedures for model estima-

tions. Lastly, we depict a process of forecasting models and testing of their

accuracy.

5.1 Statistical Tests and Assumptions

In order to correctly specify models, we have to perform several statistical tests

and verify the satisfaction of the necessary assumptions. We present tests for

stationarity and unit root, then for heteroskedasticity and autocorrelation in

error terms, and lastly for normality. This section describes all tests in detail.

Stationarity and Unit Root

For statistical modelling, electricity prices usually have no problem with unit

root, but they do not always follow a stationary process (Kristoufek & Lunack-

ova, 2013; Lisi & Nan, 2014). Therefore, it is necessary to test for stationarity

and unit root to use the models properly. In time series, there exist both

formal and informal tests. The informal tests investigate correlation between

yt and yt−1. They are based on examining deviation from conditions of co-

variance stationarity process, i.e. constant mean, constant and finite variance,

and covariance of two time periods depending only on the distance between
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these periods.1 We focus more on the formal statistical tests, similarly to Kris-

toufek & Lunackova (2013), which are Augmented Dickey-Fuller (ADF) test

and Kwiatkowski-Phillips-Schmidt-Shin (KPSS) test.

According to Dickey & Fuller (1979), the Augmented Dickey-Fuller test

analyses a unit root in time series. It is based on an Ordinary Least Squares

(OLS) regression:

∆yt = α + βt+ γyt−1 + δ1∆yt−1 + δ2∆yt−2 + . . .+ δp−1∆yt−p+1 + εt, (5.1)

where α represents an intercept, βt refers to time trend, and p is the lag order.

The null hypothesis of the ADF test defines a unit root in the series: H0 : γ = 0,

while the alternative hypothesis excludes a unit root in the series: HA : γ < 0.

The ADF statistic is calculated as t-statistic using modified t-distribution. A

negative number of the ADF statistic implies that the lower the statistic’s

result, the stronger rejection of the null hypothesis.

Kwiatkowski et al. (1992) created the Kwiatkowski-Phillips-Schmidt-Shin

(KPSS) test, which is based on the OLS regression, same as the ADF test:

yt = α + βt+ k
t∑︂

i=0

ξi + εt, (5.2)

where α stands for an intercept, βt is a time trend, and ξi depicts independent

and identically distributed (i.i.d.) random variables covering zero mean and

unit variance. The KPSS test investigates stationarity in the time series. The

null hypothesis of the KPSS test is based on a stationary series: H0 : k = 0,

while the alternative hypothesis defines a non-stationary series: HA : k ̸= 0.

The KPSS statistic is computed as:

KPSS =

∑︁n
t=1 S

2
t

n2ˆ︂ω2
T

, (5.3)

where ˆ︂ω2
T represents an estimator of the spectral density at zero frequency, and

St denotes the partial sum of the residuals:

St =
t∑︂

i=1

ˆ︁εi. (5.4)

1Jeffrey M. Wooldridge (2016): Introductory Econometrics. A Modern Approach. Boston:
Cengage Learning, sixth edition.
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Heteroskedasticity and Autocorrelation

In order to verify the assumption of homoscedasticity in residuals, we use

Breusch-Pagan (BP) test. The assumption is violated if the variance of resid-

uals is not the same across all values of the independent variables, which is

called heteroskedasticity. According to Breusch & Pagan (1979), the test ex-

amines whether heteroskedasticity is present in a linear model. After running

the relevant regression, we obtain residuals that are defined in the auxiliary

regression as follows:

u2 = γ0 + γ1z1 + . . .+ γpzp + υ, (5.5)

where u2 represents the residuals of a linear model, zp are explanatory vari-

ables with their coefficients γp. The null hypothesis of the BP test assumes

homoskedasticity: H0 : γ1 = . . . = γp = 0, while the alternative hypothe-

sis is based on the presence of heteroscedasticity. Under the null hypothesis,

the Lagrange Multiplier (LM) statistic, LM = n · R2
û2 , is asymptotically dis-

tributed as χ2
p−1. With the p-value lower than the chosen significance level, the

null hypothesis is rejected, and the assumption of homoskedasticity is violated.

Heteroskedasticity and Autocorrelation Consistent (HAC) standard errors al-

low the fitting of a model with heteroscedastic residuals, and thus can solve

the problem of homoscedasticity assumption’ violation.

Breusch-Godfrey (BG) test introduced by Breusch (1978) and Godfrey

(1978) examines autocorrelation in errors of a regression model. It can be

commonly seen in a unit root process, trend-stationary process, or in an Au-

toregressive (AR) process. The BG test analyses residuals from a given model

and tests whether they follow the AR process of any order up to p. Specifically,

we consider a linear regression model, such as:

Yt = β0 + β1Xt,1 + . . .+ βkXt,k + ut, (5.6)

where the errors ut follow an AR(p) process. After running the linear regression

and obtaining the residuals (ût), we get the following auxiliary regression to

test for the AR(p) process:

ût = α0 + α1Xt,1 + . . .+ αkXt,k + ρ1ût−1 + . . .+ ρpût−p + εt. (5.7)

The null hypothesis of no autocorrelation of any order up to p is defined as:
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H0 : ρi = 0 for all i, while the alternative hypothesis depicts serial correlation

in the residuals. Under the null hypothesis, the BG test is based on the LM

statistic: LM = (T − p)R2χ2(p) using χ2- distribution.

Normality

To test whether we analyse normally distributed dataset, we use Shapiro-Wilk

(SW) test or Kolmogorov-Smirnov (KS) test according to the dataset size,

and also Jarque-Bera (JB) test for both daily and hourly data. Shapiro &

Wilk (1965) defined the normality test that is affected by sample size and

outliers. Under the null hypothesis, the sample is normally distributed. The

corresponding test statistic is determined as follows:

SW =
(
∑︁n

i=1 aix(i))
2∑︁n

i=1 (xi − x̄)2
, (5.8)

where ai are coefficients, n is number of observations, x(i) represents the ith

order statistic, and x̄ depicts the sample mean. With the p-value below the

chosen significance level, the null hypothesis is rejected, and thus we do not

have normally distributed data.

As the Shapiro-Wilk test cannot be used for large sample sizes, specifically

the sample size must be between 3 and 5000, we apply the Kolmogorov-Smirnov

(KS) test for normality only on hourly data. The KS test examines if two one-

dimensional random variables are drawn from the same probability distribution,

or if one one-dimensional random variable has a presumed (theoretical) distri-

bution. Thus, there are two versions of this test – two-sample and one-sample.

The two-sample KS test is one of the most used nonparametric methods for

comparing two samples. Its test statistic studies a distance between the sam-

ples’ empirical distribution functions. The null hypothesis states that they

come from the same distribution. The test statistic of the one-sample KS test,

which is used in our thesis, quantifies a distance between the sample’s empirical

distribution function and the cumulative distribution function of a certain the-

oretical distribution. The null hypothesis assumes that the sample corresponds

to the selected theoretical distribution. In our case, the one-sample KS test is

used to verify if we have normally distributed data.

To have a pair of normality tests for both of our datasets, we also utilise the

Jarque-Bera (JB) test introduced by Jarque & Bera (1980). Unlike the Shapiro-

Wilk test, the JB test works reliably even for large number of observations, so
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we can use it for both daily and hourly data. It examines whether the skewness

and kurtosis of data match a normal distribution. Under the null hypothesis,

the skewness and the excess of kurtosis equal zero, which means that we have

a normal distribution. The appropriate test statistic is defined as:

JB =
n

6
·
(︃
S2 +

(K − 3)2

4

)︃
, (5.9)

where n stands for number of observations, S = ˆ︁µ3ˆ︁σ3 represents the sample of

skewness, and K = ˆ︁µ4ˆ︁σ4 is the sample of kurtosis. With normally distributed

data, the JB statistic is asymptotically chi-squared distributed with two degrees

of freedom. The statistic is nonnegative, hence results far from zero indicate

that we do not have data with normal distribution.

5.2 Models Identification

We have four observed countries: the Czech Republic, the Slovak Republic,

Hungary, and Romania. First, we examine day-ahead electricity prices for the

individual countries separately using Autoregressive (AR)2 models. Then, we

also use Seemingly Unrelated Regressions (SUR) for our modelling, similarly to

Huisman et al. (2007). More detailed description of the AR and SUR models

with a focus on their specifications can be found in this subchapter.

Autoregressive Models

Using Autoregressive (AR) models, we concentrate only on the affecting price

factors in a given country and do not take into account the possible influences

of other countries. These are partially included only in a variable net cross-

border electricity flow. Generally, one of the explanatory variables is the lagged

dependent variable in AR models. In our case, we have a lagged electricity

price. Given the specifics of the day-ahead market, the choice of lags needs to

be carefully considered. It is described in more detail in the individual section

Proper Selection of Lagged Observations within this subchapter.

Since weather data represent factors that may have impact on the deter-

mination and prediction of electricity prices, another explanatory variable to

the lagged electricity price is relative temperature deviation. By creating the

2Since we use Autoregressive models with exogenous variables, we should label them as
AR-X instead of AR. For easier orientation, however, we have decided to use the term AR.
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temperature deviation from long-term average using weather data, we have re-

moved seasonality from the temperature. However, seasonal patterns can be

and probably still are present in electricity prices. Therefore, we add seasonal

dummies to the models in the form of 11 months, where the 12th month (in our

case December) is the base month. Since we do not focus on the interpretation

of seasonality, but rather on whether it is significant and if it helps us elimi-

nate the seasonal patterns in electricity prices, the choice of the base month

is not so crucial. For easier interpretation, the month when electricity prices

are the highest or, conversely, the lowest is usually chosen. As the electricity

prices in the observed countries have their maximum and minimum values in

different months, we choose the month at the end of the calendar year when

winter begins, and the price of electricity tends to be higher. Using the F-test,

we then examine the significance of seasonality as a whole of all months in the

given models. As mentioned above, we also use net cross-border flow as the

explanatory variable and examine its informative value in relation to the day-

ahead electricity prices. Then, we observe which added explanatory variable is

more significant for our study, whether the relative temperature deviation or

the net cross-border flow.

We have a total of four models for estimating electricity prices. The first

(base) model contains lagged electricity price and seasonal dummies as the

explanatory variables. The second adds the variable Relative Temperature

Deviation (RTD) and the third has the lagged price of electricity, seasonal

dummies, and Net Cross-Border Flow (CBF) as the explanatory variables.

The fourth model comprises of all the aforementioned variables. The models

are defined as follows:

el.pricet,k = α0 + α1el.pricelag,t,k + α2el.priceavg,t,k +
11∑︂
l=1

α2+lmonthl,t + εt,k,

(5.10)

el.pricet,k = β0 + β1el.pricelag,t,k + β2el.priceavg,t,k + β3RTDt,k+

+
11∑︂
l=1

β3+lmonthl,t + ϵt,k,
(5.11)

el.pricet,k = γ0 + γ1el.pricelag,t,k + γ2el.priceavg,t,k + γ3Net CBFt,k+

+
11∑︂
l=1

γ3+lmonthl,t + υt,k,
(5.12)
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el.pricet,k = δ0 + δ1el.pricelag,t,k + δ2el.priceavg,t,k + δ3RTDt,k + δ4Net CBFt,k+

+
11∑︂
l=1

δ4+lmonthl,t + ωt,k,

(5.13)

where el.pricet is electricity price at time t, el.pricelag,t indicates the last known

lag at time t, el.priceavg,t represents the last available 24-hour average of elec-

tricity prices at time t, RTDt and Net CBFt stand for Relative Temperature

Deviation and Net Cross-Border Flow at time t, respectively, monthl,t denotes

seasonal dummy variables in the form of 11 months at time t, and εt, ϵt, υt,

ωt are error terms. The specific lagged values are discussed in the individ-

ual section Proper Selection of Lagged Observations within this subchapter.

k = 1, . . . , 4 indicates four particular countries that we study, i.e. the Czech

Republic, the Slovak Republic, Hungary, and Romania.

Equations 5.10, 5.11, 5.12, and 5.13 are applied to all four observed coun-

tries. Also, the models are the same for both daily and hourly data, except

that they differ in the choice of the lags. The results on the daily and hourly

basis are then compared to see which dataset is more suitable for the day-ahead

electricity price modelling and forecasting.

Moreover, to have correctly analysed forecasting, which is dealt in the next

subchapter Forecasting, we have to replace the explanatory variables Relative

Temperature Deviation and Net Cross-Border Flow with their lagged variables

in the models used to examine the forecast accuracy. The lags are chosen in

the same way as for the electricity prices. Hence, for forecasting, we use the

AR models defined above (Equations 5.10, 5.11, 5.12, and 5.13), but with the

difference that we have only the explanatory variables available at time t, i.e.:

el.pricet,k = α0 + α1el.pricelag,t,k + α2el.priceavg,t,k +
11∑︂
l=1

α2+lmonthl,t + εt,k,

(5.14)

el.pricet,k = β0 + β1el.pricelag,t,k + β2el.priceavg,t,k + β3RTDlag,t,k+

+ β4RTDavg,t,k +
11∑︂
l=1

β4+lmonthl,t + ϵt,k,
(5.15)

el.pricet,k = γ0 + γ1el.pricelag,t,k + γ2el.priceavg,t,k + γ3Net CBFlag,t,k+

+ γ4Net CBFavg,t,k +
11∑︂
l=1

γ4+lmonthl,t + υt,k,

(5.16)
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el.pricet,k = δ0 + δ1el.pricelag,t,k + δ2el.priceavg,t,k + δ3RTDlag,t,k+

+ δ4RTDavg,t,k + δ5Net CBFlag,t,k + δ6Net CBFavg,t,k+

+
11∑︂
l=1

δ6+lmonthl,t + ωt,k,

(5.17)

where el.pricet represents the day-ahead electricity price at time t, el.pricelag,t

and el.priceavg,t are the last known lag and the last available 24-hour average

of electricity prices at time t, respectively, RTDlag,t and RTDavg,t stand for

Relative Temperature Deviation and its last known lag and 24-hour average at

time t, respectively, NetCBFlag,t and NetCBFavg,t indicate the last available

lag and the last known 24-hour average at time t of Net Cross-Border Flow,

respectively, monthl,t depicts 11 months as the seasonal dummies at time t,

and εt, ϵt, υt, ωt are particular error terms. Same as before, k = 1, . . . , 4

represents our four observed countries. The section Proper Selection of Lagged

Observations within this subchapter describes the specific lagged variables used

in the models.

Seemingly Unrelated Regressions

Seemingly Unrelated Regression (SUR) is an estimation procedure proposed

by Zellner (1962). This method refers to a generalisation of a linear regression

model that comprises of several equations. Each equation has its own depen-

dent variable and set of exogenous explanatory variables, which can be same

or different across the included equations. As unforeseen factors having impact

on the disturbance term in one equation probably affect errors in others, they

are supposed to be mutually correlated within the equations. It can be said

that a SUR model with lagged variables and deterministic terms corresponds

to a Vector Autoregressive VAR(p) model.

With a valid linear regression, the SUR model can be estimated separately

by the equations using Ordinary Least Squared (OLS) estimation. It means

that if the equations’ error terms are uncorrelated and the sets of explanatory

variables on the right-hand side are the same for all equations, the SUR estima-

tion is equivalent to the equation-by-equation OLS estimation. However, with

the correlation across the involved equations, inefficient estimation of the coef-

ficients may occur. Thus, unlike analysing the set of equations separately, the

use of Generalized Least Squares (GLS) or Feasible Generalized Least Squares

(FGLS) methods to estimate the SUR model leads to efficient results taking
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into account the covariance structure of the residuals. Moreover, equations

consisting of endogenous variables on the right-hand side in the SUR model

can be corrected for by applying Two-Stage Least Squares (2SLS) method to

each equation.

Considering a system of M regression equations, the Seemingly Unrelated

Regression model is defined as:

yti =

ki∑︂
j=1

βijxtij + εti, i = 1, . . . ,M ; t = 1, . . . , T ; j = 1, . . . , ki, (5.18)

where t represents the individual observation, i is the number of regression

equations, and j depicts the particular explanatory variable. These M equa-

tions can be expressed in a vector form as:

yi = Xiβi + εi, i = 1, . . . ,M, (5.19)

where yi is (T × 1) vector of the dependent variable, Xi represents (T × Ki)

matrix of the exogenous variables, βi denotes (ki × 1) coefficient vector, and εi

is (T × 1) vector of the disturbance terms of the ith equation. Equation 5.19

can be further written as:⎛⎜⎜⎜⎜⎝
y1

y2
...

yM

⎞⎟⎟⎟⎟⎠ =

⎛⎜⎜⎜⎜⎝
X1 0 · · · 0

0 X2 · · · 0
...

...
. . .

...

0 0 · · · XM

⎞⎟⎟⎟⎟⎠
⎛⎜⎜⎜⎜⎝

β1

β2

...

βM

⎞⎟⎟⎟⎟⎠+

⎛⎜⎜⎜⎜⎝
ε1

ε2
...

εM

⎞⎟⎟⎟⎟⎠ , (5.20)

which is in a simpler form equal to:

y = Xβ + ε. (5.21)

According to the assumptions of the model, for which each of the M equa-

tions can be separately estimated, the error terms εti are not correlated across

observations, i.e. E (εtiεsi) = 0, ∀t ̸= s, where t and s are the observations,

and i represents the number of the equation. Nevertheless, the SUR model

allows for cross-equation contemporaneous covariance within observations, i.e.

E (εtiεtj) = σij, where t is a given individual observation across equations i and
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j. Then, the covariance matrix of all disturbance terms is defined as:

E (εε′) = Σ⊗ IT , (5.22)

where Σ = (σij) represents the contemporaneous disturbance covariance ma-

trix, ⊗ is the Kronecker product, IT is an identity matrix of dimension T , and

T is the number of observations in each equation.

We use the SUR method that deals with correlation in disturbances among

the equations within the system, as there may be shocks in electricity prices

that can affect more markets at the same time. Thus, theses shocks are com-

mon or at least correlated between each other and, subsequently, may lead to

correlation between the prices of the observed countries. Therefore, we have

lagged electricity prices for all observed countries on the right-hand side of

the equations. However, the variables Relevant Temperature Deviation and

Net Cross-Border Flow are only relevant for the respective countries and, thus,

these variables differ across the equations. It follows that the use of the SUR

method is also appropriate since it allows for different explanatory variables in

each equation. Another reason why this utilised method is suitable for us is that

the SUR also allows for more specificity in the selection of lagged observations,

unlike the VAR model.

As we focus on forecasting electricity prices, we use the SUR method mainly

to examine and compare forecast accuracy of the models. The models’ interpre-

tation and investigation of which explanatory variables best explain the price

of electricity at time t is included within the AR models. Therefore, in order

to properly analyse the predictions, it is necessary to use the lagged variables

of Relative Temperature Deviation and Net Cross-Border Flow instead of their

current values at time t. The lag selection is the same as for the electricity

prices.

As in the AR models, we examine four models. Each model consists of

four equations of the four observed countries. The dependent variable is the

electricity price in a particular country. In the first model called base, the

explanatory variables are lagged electricity prices of all countries and seasonal

dummies. The appropriate choice of lags based on the day-ahead market’s

terms is, as mentioned above, described in more detail in the individual section

Proper Selection of Lagged Observations within this subchapter. For both AR

and SUR models, the choice of lag length does not vary, the only difference

is between daily and hourly data. The base model is the only one that has
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the same explanatory variables across the equations. In the second model,

we utilise weather data of the respective capital cities of the studied countries

and add lagged Relative Temperature Deviation (RTD) as another explanatory

variable to the lagged electricity prices and seasonal dummies to the appropriate

equation of the given country. In the third model, we exchange the lagged

temperature deviation for lagged Net Cross-Border Flow (CBF) of electricity

between the countries. As in the second model, the lagged flow is added by

the country only to the corresponding equation. The fourth model contains all

the already mentioned explanatory variables, i.e. the lagged electricity prices,

seasonality dummies, lagged relative temperature deviation, and lagged net

cross-border electricity flow. The models, which are applied to both daily and

hourly data, are defined as follows:

el.pricet,i = α0,i +
4∑︂

k=1

α0+k,iel.pricek,lag,t,i +
4∑︂

k=1

α4+k,iel.pricek,avg,t,i+

+
11∑︂
l=1

α8+l,imonthl,t,i + εt,i,

(5.23)

el.pricet,i = β0,i +
4∑︂

k=1

β0+k,iel.pricek,lag,t,i +
4∑︂

k=1

β4+k,iel.pricek,avg,t,i+

+ β9,iRTDlag,t,i + β10,iRTDavg,t,i +
11∑︂
l=1

β10+l,imonthl,t,i + ϵt,i,

(5.24)

el.pricet,i = γ0,i +
4∑︂

k=1

γ0+k,iel.pricek,lag,t,i +
4∑︂

k=1

γ4+k,iel.pricek,avg,t,i+

+ γ9,iNet CBFlag,t,i + γ10,iNet CBFavg,t,i +
11∑︂
l=1

γ10+l,imonthl,t,i+

+ υt,i,

(5.25)

el.pricet,i = δ0,i +
4∑︂

k=1

δ0+k,iel.pricek,lag,t,i +
4∑︂

k=1

δ4+k,iel.pricek,avg,t,i+

+ δ9,iRTDlag,t,i + δ10,iRTDavg,t,i + δ11,iNet CBFlag,t,i+

+ δ12,iNet CBFavg,t,i +
11∑︂
l=1

δ12+l,imonthl,t,i + ωt,i,

(5.26)

where i stands for the particular equation in the model, el.priceti is the electric-

ity price at time t, el.pricek,lag,t,i and el.pricek,avg,t,i represent the last known lag
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and the last available 24-hour average of electricity prices at time t for the given

country k, respectively, where we have four observed countries (the Czech Re-

public, the Slovak Republic, Hungary, and Romania), RTDlag,t,i and RTDavg,t,i

indicate the last known lag and the last available 24-hour average at time t of

the variable Relative Temperature Deviation, respectively, NetCBFlag,t,i and

NetCBFavg,t,i denote the last known lag and 24-hour average at time t of the

variable Net Cross-Border Flow of electricity, respectively, monthl,t,i depicts

seasonal dummy variables in the form of 11 months at time t, and εt,i, ϵt,i, υt,i,

ωt,i are error terms of the ith equation.

Proper Selection of Lagged Observations

In this part, the especially important information is that the gate for bids in the

day-ahead electricity markets for all our observed countries closes every day at

11 a.m. Therefore, we cannot simply lag electricity prices in general by one day,

or by the same period of time, for each observation and use them as explanatory

variables. This would then result in incorrectly modelled regressions. We can

imagine this with the example of having the electricity price as the dependent

variable today at 9 a.m. and as the explanatory variable we would choose the

lagged price by one day, i.e. yesterday at 9 a.m. However, yesterday at 9 a.m.

we did not yet know what exactly the price of electricity would be as the gate

closes at 11 a.m. Therefore, we have to use appropriate lagged variables for

each dataset, i.e. hourly and daily.

For hourly data, we create the lagged variable as follows. We have data

on electricity prices for each observed country for individual hours. For 1 a.m.

to 10 a.m. we take the electricity price lagged by one day for the respective

hours, while for 11 a.m. to 12 midnight we take the price lagged by two days.

In addition, we add a variable with the 24-hour average electricity price lagged

by two days.

In daily data, we do not have information about individual hours, but only

the average of all hours of the day. Therefore, there is no indication of what the

prices of electricity are at 11 a.m., when the gate closes, or at time before and

after the gate closure. However, data on the electricity prices for individual

hours, especially until 11 a.m. (gate closure), are crucial for proper lagged

variables, so we take this information from the hourly dataset. The lag is, thus,

composed of two variables. The first is equal to the average hourly electricity

prices between 1 a.m. and 10 a.m. the previous day. The second, as in hourly
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data, is defined as the 24-hour average price lagged by two days, i.e. the price

of electricity in daily data two days ago.

It is important to note that for a correct prediction it is necessary to also lag

other explanatory variables in our models, i.e. relative temperature deviation

and net cross-border electricity flow. Since we forecast electricity prices, the

proper choice of the lag length is determined according to them and, thus, the

method of creating lags is the same for all variables. With this thorough selec-

tion of lagged observations, we aim at creating a guidance for future studies.

5.3 Forecasting

Electricity price forecasting has gradually become a main process for decision-

making mechanisms of energy companies (Weron et al., 2006). Most papers

and studies focus on comparison of different models and methods, discussion

of their strengths and weaknesses, and deciding which model is the most suit-

able for forecasting electricity prices (Weron, 2014; Uniejewski et al., 2016).

Therefore, we rather focus on data which we use, and investigate their accu-

racy in forecasting. We do not use only one dataset, as it is mostly common in

the studies related to the topic of forecasting electricity prices, but we utilise

two types of data – daily and hourly. Also, since many papers usually con-

centrate on larger markets, such as the United States, Nord Pool, etc., we

analyse markets of Central and Eastern Europe. Using temperature data, we

create a variable Relative Temperature Deviation from the long-term average,

for which we examine if it improves the prediction of electricity prices. Another

unique variable used in our analysis to possibly enhance the price forecast is

net cross-border electricity flow between our observed countries.

It is important to mention that in models designed to compare forecast

accuracy, we replace the explanatory variables Relative Temperature Deviation

and Net Cross-Border Flow at time t with their lagged variables. The reason is

that, with respect to the conditions of the day-ahead market, the determination

of electricity prices is very specific and for forecasting at time t we have no

information about the current temperature deviation or the cross-border flow

of electricity. Therefore, we use the lagged values chosen in the same way as

for electricity prices and described in the individual section Proper Selection of

Lagged Observations of the previous subchapter.

Forecast evaluation is commonly measured by squared or absolute errors.
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Firstly, it is necessary to define forecast errors as difference between the present

value of dependent variable and its forecasted value:

ϵit = yit − ŷit, (5.27)

where ϵit depicts the forecast error, yit is the actual value, and ŷit represents

the forecast value of model i in period t. Then, Mean Absolute Error (MAE)

is an error measure computed as:

MAEi =
1

T

T∑︂
t=1

|ϵit| , (5.28)

where T represents the length of out-of-sample forecast and ϵit denotes the

aforementioned forecast error of model i in period t. MAE is not sensitive to

outliers and it is easy to compute and interpret. Thus, it is preferable for many

studies (Hyndman et al., 2006). Another possible measure of forecast accuracy

is Mean Squared Error (MSE), which is defined as follows:

MSEi =
1

T

T∑︂
t=1

ϵit
2, (5.29)

with the forecast error ϵit and the length of out-of-sample forecast T . Root

Mean Squared Error (RMSE) is the square root of MSE over the predicted

time period. RMSE is sensitive to outliers, where larger errors mean larger

penalty. However, it is the most common error measure of forecast accuracy,

since with no absolute value it leads to smooth and convex function, which

gives stable solutions (Armstrong & Collopy, 1992). RMSE is calculated as:

RMSEi =

⌜⃓⃓⎷ 1

T

T∑︂
t=1

ϵit2. (5.30)

Using Diebold-Mariano (DM) test, we compare accuracy of two competing

forecasts and discuss the difference between predictions on daily and hourly

basis. Furthermore, we concentrate on whether forecasts of the out-of-sample

data change if weather data (i.e. the lagged relative temperature deviations)

are included. The last comparison using the DM test focuses on differences

in forecasting electricity prices when the lagged cross-border electricity flows

are utilised. It means that we examine the effect of the added information in



5. Methodology 59

the form of other explanatory variables on the forecast accuracy, and then we

focus on comparing the results of daily and hourly data. In addition, using

the DM test, we compare utilisation of different models. However, since such

use of the DM test is criticised by Diebold (2015), we present this comparison

for illustrative purposes only. The aim of this thesis is to compare forecasts

when various variables are added to the models, and not to compare models in

a pseudo-out-of-sample environment.

According to Diebold & Mariano (1995), if two competing forecasts are

compared, one of them is selected as a benchmark. The forecast errors are

allowed to be non-Gaussian with no zero mean and with serial correlation.

They are entered into a loss function L(·), where a form of the function depends

on the used errors, i.e. L (ϵit) = |ϵit| with Mean Absolute Error (MAE) and

L (ϵit) = ϵit
2 with Mean Squared Error (MSE). Then, the quality of the two

compared forecasts is generally evaluated by a loss differential:

dt = L (ϵ1t)− L (ϵ2t) , (5.31)

where ϵ1t is forecast error of the first model and ϵ2t is forecast error of the second

model. Using MAE, we get: dt = |ϵ1t| − |ϵ2t|, and with MSE we have: dt =

ϵ21t−ϵ22t. The Diebold-Mariano test requires the loss differential to be covariance

stationary. The null hypothesis of no quantitative difference between the two

forecasts is defined as: H0 : E (dt) = 0 ⇔ E [L (ϵ1t)] = E [L (ϵ2t)], while the

alternative hypothesis is: HA : E (dt) > 0 ⇔ E [L (ϵ1t)] > E [L (ϵ2t)]. Under

the null hypothesis, the DM statistics is determined as:

DM =
d̄√︂
ˆ︂LRV d̄

T

→ N (0, 1) , (5.32)

where d̄ represents the mean loss differential: d̄ = 1
T

∑︁T
t=1 dt, and ˆ︂LRV d̄

depicts consistent estimate of asymptotic long-run variance of d̄ : LRV d̄ =

γ0 + 2
∑︁∞

j=1 γj, γj = Cov (dt, dt−j).

To evaluate the DM test, we utilise the absolute errors. The reason is that

there are exogenous and unexpected jumps (called spikes) in electricity prices,

after which the absolute errors are not as large as in the case of the squared

errors. As already mentioned, the null hypothesis of the DM test is that both

comparative forecasts have the same error rate. However, when the p-value

receives a high value and, thus, there is no reason to reject the null hypothesis,
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it does not really mean the models are the same in terms of error rates, but

rather that the first model is better. This would actually be the result of the

DM test if we reversed the order of the models. Therefore, in the DM test, it

depends on the order of the models. For this reason, we present both one-sided

and two-sided p-values in the chapter Empirical Results to determine which

model has a higher error rate and which is better.

Our forecasting procedure is appointed as follows. For daily data, we divide

our dataset into two subsamples. The first subsample is used for estimation,

while the second one is utilised for forecast evaluation. We select observations

from January 1, 2015 until December 31, 2019 as the in-sample period and Jan-

uary 1, 2020 until December 31, 2020 as the out-of-sample period. It is worth

mentioning that the forecasting of values that are already known in advance is

not in fact out-of-sample forecasting, but rather pseudo-out-of-sample forecast.

For hourly data, analogous procedure is chosen. The 24-hour electricity price

forecast is calculated for each day, which means that both periods for hourly

data have 24 time more observations than for daily data. With this distribution

of data, we evaluate forecasting ability of both AR and SUR models.

First, we compare the AR models with each other. We examine which model

has better predictive ability, or which added variable improves or worsens the

model’s predictive error rate. Then, we do the same for the SUR models. The

only difference is that we analyse the forecasting ability of the AR models

for individual countries, while for the SUR models, properly selected lags of

electricity prices of all observed countries are included in each model. All

models are precisely defined in the previous subchapter Models Identification.

In the AR models, there is a change in the explanatory variables for forecasting

purpose, where, as we have already mentioned, we take the lagged values of the

variables Relative Temperature Deviation and Net Cross-Border Flow instead

of their current values. The appropriate AR models used for forecasting are

defined in Equations 5.14, 5.15, 5.16, and 5.17. The SUR models are already

in the form in which they are used for examining forecast accuracy, as we

use them primarily for predictions. The respective SUR models can be found

in Equations 5.23, 5.24, 5.25, and 5.26. Thus, our explanatory variables in

the models used to compare forecasts are lagged electricity prices, seasonal

dummies, lagged relative temperature deviations, and lagged net cross-border

electricity flows. In the end, for illustrative purposes only, we compare the

forecast accuracy of models using different methods – AR and SUR.



Chapter 6

Empirical Results

In this chapter, we present the results of all provided tests, individual models’

regressions results, and their comparisons within forecasting power. We prop-

erly analyse what we have found and what do the findings imply. The chapter

is structured as follows. Firstly, we focus on the results of individual tests

important for meeting the necessary assumptions and discuss their impact on

the models, i.e. what needs to be changed and adjusted to have the models

statistically correct. Secondly, we describe how we proceed to identify the final

models and present their results. Also, we discuss which explanatory variables

preferably explain the electricity prices. Thirdly, we present the results of mod-

els to compare the predictive power and describe the results of forecasts using

the Diebold-Mariano test. Within the results, we show to what extent our

findings are relevant and what they can be used for. Also, we present how our

analyses contribute to the field of electricity price modelling and forecasting.

6.1 Statistical Tests Results

Before using data in the regressions, it is necessary to perform several statistical

tests, especially in the Autoregressive (AR) models used for interpretation of

the results and studying the significant effect and importance of the explanatory

variables. It must be verified that all required assumptions are met in order

to correctly specify the models. Thus, we perform tests for stationarity and a

unit root, then tests for heteroskedasticity and autocorrelation in errors, and

lastly we examine whether our samples are normally distributed. For each test,

we present its null hypothesis and other necessary information, but detailed

descriptions are given in the chapter Methodology.
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Stationarity and Unit Root

We start with the tests for stationarity and a unit root. We use Augmented

Dickey-Fuller (ADF) test and Kwiatkowski-Phillips-Schmidt-Shin (KPSS) test.

The ADF test analyses unit root in time series, which is crucial especially for

modelling electricity prices. Its null hypothesis assumes a unit root in the

series, while the alternative hypothesis excludes the unit root. The KPSS test

examines stationarity in time series. The null hypothesis defines a stationary

series, while the alternative hypothesis is based on a non-stationary series.

As mentioned before, electricity prices usually have no problem with unit

root, but do not always follow a stationary process (Kristoufek & Lunackova,

2013; Lisi & Nan, 2014). This is confirmed by our results, which are presented

in Table 6.1 for daily data and in Table 6.2 for hourly data. The results

provide an evidence that the electricity price series for both datasets do not

contain a unit root, but prove signs of non-stationarity. It means that we

reject the null hypothesis of the ADF test with the presence of unit root, but

also reject the KPSS’s hypothesis of stationarity. The same applies for the

net cross-border electricity flow series. The problem with the non-stationarity

can be solved by using some transformations of the series. By performing

the first difference series of electricity prices and net cross-border flows, the

results of which are shown in Table A.1 and Table A.2 for daily and hourly

data, respectively, in the Appendix, the series are then stationary and still do

not have a unit root. The results of the ADF and KPSS tests for Relative

Temperature Deviation differ from the electricity prices and net cross-border

electricity flows. They display that the series do not comprise a unit root and

at the same time are stationary even without the first differences for both daily

and hourly datasets. Therefore, it is not necessary to use any transformations

of the relative temperature deviation series and to investigate them further in

this regard.

Electricity prices are in many cases treated as non-stationary due to their

special properties, such as non-storability, high volatility, constant balance be-

tween production and consumption, dependence on seasonal patterns and time

patterns of human life. In addition, due to sharp increases of the prices followed

by slower declines, jumps (often called spikes) occur and cause asymmetry in

the electricity prices. In this thesis, we also follow an analysis of the day-ahead

electricity prices, and not the first differences, for other several reasons. Firstly,

with the first differencing, we would lose information about the price dynamics.
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Then, in the context of electricity, the price series are more interesting, mainly

because the differences in the day-ahead prices do not indicate actual returns

to the series. It is impossible to buy electricity (in MWh) and then sell it in

the next period (Kristoufek & Lunackova, 2013). Also, instead of having a

stationary series, it is more important to reject the presence of a unit root in

the series, with which it is not possible to estimate a finite variance, calculate

standard errors, or correctly interpret the results. The combination of the re-

jections of both ADF and KPSS tests leads to 0.5 < d < 1, where d represents

a level of integration. It is a number representing how many times we need to

difference the series to have them in a weakly dependent stationary process.

With 0.5 < d < 1, the process is non-stationary, but still mean-reverting, i.e.

it is not explosive, but have a finite variance, and thus it is usable for our

cause. Therefore, given the reasons above and both the price series and the net

cross-border flow series without unit root, we do not use the first differences.

Table 6.1: Results of ADF and KPSS Tests for Daily Data

ADF test

Electricity
Prices

Relative Temperature
Deviation

Net Cross-Border
Flow

Czech Republic -5.031 -15.033 -7.378
(<0.01) (<0.01) (<0.01)

Slovak Republic -5.005 -15.025 -7.601
(<0.01) (<0.01) (<0.01)

Hungary -4.858 -15.712 -6.837
(<0.01) (<0.01) (<0.01)

Romania -5.191 -15.312 -8.264
(<0.01) (<0.01) (<0.01)

KPSS test

Electricity
Prices

Relative Temperature
Deviation

Net Cross-Border
Flow

Czech Republic 2.820 0.005 7.349
(<0.01) (>0.1) (<0.01)

Slovak Republic 2.609 0.006 0.285
(<0.01) (>0.1) (>0.1)

Hungary 1.953 0.007 16.488
(<0.01) (>0.1) (<0.01)

Romania 2.895 0.004 6.316
(<0.01) (>0.1) (<0.01)

Note 1: ADF – Augmented Dickey-Fuller, KPSS – Kwiatkowski-Phillips-Schmidt-Shin
Note 2: p-values are reported in the parentheses.
Source: Author’s Computation
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Table 6.2: Results of ADF and KPSS Tests for Hourly Data

ADF test

Electricity
Prices

Relative Temperature
Deviation

Net Cross-Border
Flow

Czech Republic -18.545 -22.867 -19.163
(<0.01) (<0.01) (<0.01)

Slovak Republic -18.930 -22.312 -18.717
(<0.01) (<0.01) (<0.01)

Hungary -15.860 -23.312 -19.512
(<0.01) (<0.01) (<0.01)

Romania -17.217 -22.339 -23.661
(<0.01) (<0.01) (<0.01)

KPSS test

Electricity
Prices

Relative Temperature
Deviation

Net Cross-Border
Flow

Czech Republic 18.347 0.021 48.927
(<0.01) (>0.1) (<0.01)

Slovak Republic 17.215 0.020 1.698
(<0.01) (>0.1) (<0.01)

Hungary 14.954 0.017 136.170
(<0.01) (>0.1) (<0.01)

Romania 21.190 0.016 31.893
(<0.01) (>0.1) (<0.01)

Note 1: ADF – Augmented Dickey-Fuller, KPSS – Kwiatkowski-Phillips-Schmidt-Shin
Note 2: p-values are reported in the parentheses.
Source: Author’s Computation

Heteroskedasticity and Autocorrelation

For testing heteroskedasticity and autocorrelation, we use two statistical tests –

Breusch-Pagan (BP) for testing heteroskedasticity in error terms and Breusch-

Godfrey (BG) to test for the presence of autocorrelation in the errors. Ho-

moskedasticity and no autocorrelation is one of the main assumptions that

have to be satisfied for proper analysis of the regressions. The BP test examines

whether the error term is the same for all values of the explanatory variables,

i.e. whether homoskedasticity is present. Its null hypothesis is homoskedastic-

ity against the alternative of heteroskedasticity. The null hypothesis is rejected,

and thus the homoskedasticity assumption is violated, if the p-value is lower

than the chosen level of significance. The BG test investigates autocorrelation

in the errors. The null hypothesis assumes no autocorrelation, while the al-

ternative hypothesis is based on autocorrelation in the error terms. With the

presence of heteroskedasticity and autocorrelation in the errors, regression can-

not be correctly analysed and interpreted. Therefore, Heteroskedasticity and
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Autocorrelation Consistent (HAC) standard errors are then used, as they allow

to fit the models with the heteroscedastic residuals.

The results of the BP and BG tests are shown in Table 6.3 for daily data

and in Table 6.4 for hourly data. As can be seen, the null hypothesis of the

Breusch-Pagan test is rejected in all models and for all of our observed countries.

It means that the models have evidence of heteroskedasticity. The similar

results can be noticed in the Breusch-Godfrey test. The null hypothesis of no

autocorrelation is also rejected for all models across the countries. In addition,

the results of both tests do not change for daily or hourly data. Therefore, in

order to have proper regressions meeting all the necessary assumptions, we use

robust standard errors instead of the classic standard errors.

Table 6.3: Results of BP and BG Tests for AR Models Using Daily Data

Breusch-Pagan test

Base Model
Model

with RTD
Model with
Net CBF

Model with RTD
and Net CBF

Czech Republic 109.48 106.92 110.57 108.12
(<0.01) (<0.01) (<0.01) (<0.01)

Slovak Republic 105.87 105.51 112.66 112.62
(<0.01) (<0.01) (<0.01) (<0.01)

Hungary 87.06 87.84 86.47 87.20
(<0.01) (<0.01) (<0.01) (<0.01)

Romania 98.49 100.35 94.95 96.18
(<0.01) (<0.01) (<0.01) (<0.01)

Breusch-Godfrey test

Base Model
Model

with RTD
Model with
Net CBF

Model with RTD
and Net CBF

Czech Republic 325.70 324.14 322.92 322.15
(<0.01) (<0.01) (<0.01) (<0.01)

Slovak Republic 258.20 259.00 279.44 280.50
(<0.01) (<0.01) (<0.01) (<0.01)

Hungary 295.35 295.60 303.06 303.29
(<0.01) (<0.01) (<0.01) (<0.01)

Romania 290.54 285.86 326.27 321.20
(<0.01) (<0.01) (<0.01) (<0.01)

Note 1 : BP – Breusch-Pagan, BG – Breusch-Godfrey,

RTD – Relative Temperature Deviation, CBF – Cross-Border Flow

Note 2 : p-values are reported in the parentheses.

Source: Author’s Computation
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Table 6.4: Results of BP and BG Tests for AR Models Using Hourly Data

Breusch-Pagan test

Base Model
Model

with RTD
Model with
Net CBF

Model with RTD
and Net CBF

Czech Republic 719.88 889.84 735.97 878.29
(<0.01) (<0.01) (<0.01) (<0.01)

Slovak Republic 1,232.90 1,459.90 1,471.50 1,650.30
(<0.01) (<0.01) (<0.01) (<0.01)

Hungary 2,517.30 2,628.50 2,547.10 2,660.20
(<0.01) (<0.01) (<0.01) (<0.01)

Romania 2,026.40 2,103.00 1,960.50 2,044.70
(<0.01) (<0.01) (<0.01) (<0.01)

Breusch-Godfrey test

Base Model
Model

with RTD
Model with
Net CBF

Model with RTD
and Net CBF

Czech Republic 45,679.00 45,667.00 45,735.00 45,716.00
(<0.01) (<0.01) (<0.01) (<0.01)

Slovak Republic 43,572.00 43,608.00 43,490.00 43,515.00
(<0.01) (<0.01) (<0.01) (<0.01)

Hungary 43,016.00 43,076.00 43,029.00 43,087.00
(<0.01) (<0.01) (<0.01) (<0.01)

Romania 43,188.00 43,239.00 42,759.00 42,811.00
(<0.01) (<0.01) (<0.01) (<0.01)

Note 1 : BP – Breusch-Pagan, BG – Breusch-Godfrey,

RTD – Relative Temperature Deviation, CBF – Cross-Border Flow

Note 2 : p-values are reported in the parentheses.

Source: Author’s Computation

Normality

To examine whether we analyse normally distributed samples, we utilise the

following tests. For daily data, we use Shapiro-Wilk (SW) test and Jarque-Bera

test (JB). We use the JB test also for hourly data, since it is reliable even for

large number of observations. However, Shapiro-Wilk test does not work for

large samples. Thus, we utilise Kolmogorov-Smirnov (KS) test into a pair of

tests for normality for hourly data instead of the SW test. We want to have

confirmed results from two tests, as is the case with each testing in our analysis.

The null hypothesis of the SW test assumes the sample is normally distributed.

Under the KS test’s null hypothesis, the given sample comes from the selected

theoretical distribution, in our case normal distribution. The JB test analyses

the skewness and kurtosis of data and its null hypothesis defines zero skewness

and excess of kurtosis, i.e. normal distribution. With the p-value below the

chosen level of significance, the tests’ null hypotheses of normally distributed

samples are rejected.
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The results of the aforementioned tests applied to our regressions are de-

picted in Table 6.5 and in Table 6.6 for daily and hourly data, respectively.

They show strong rejection of normality for all sampling distributions. How-

ever, even if we reject the null hypotheses of all normality tests for both daily

and hourly data, we estimate the models and interpret the results as if we have

normally distributed samples. The reason is that we have large samples which,

according to the central limit theorem, asymptotically approach to a normal

distribution. We also use robust standard errors, as mentioned above, which

also correlate with the normal distribution.

Table 6.5: Results of SW and JB Tests for AR Models Using Daily Data

Shapiro-Wilk test

Base Model
Model

with RTD
Model with
Net CBF

Model with RTD
and Net CBF

Czech Republic 0.992 0.992 0.992 0.992
(<0.01) (<0.01) (<0.01) (<0.01)

Slovak Republic 0.988 0.988 0.988 0.989
(<0.01) (<0.01) (<0.01) (<0.01)

Hungary 0.970 0.970 0.970 0.970
(<0.01) (<0.01) (<0.01) (<0.01)

Romania 0.983 0.983 0.983 0.983
(<0.01) (<0.01) (<0.01) (<0.01)

Jarque-Bera test

Base Model
Model

with RTD
Model with
Net CBF

Model with RTD
and Net CBF

Czech Republic 92.78 87.88 91.94 87.28
(<0.01) (<0.01) (<0.01) (<0.01)

Slovak Republic 151.26 150.27 138.86 136.99
(<0.01) (<0.01) (<0.01) (<0.01)

Hungary 923.83 922.29 932.62 931.11
(<0.01) (<0.01) (<0.01) (<0.01)

Romania 277.57 277.21 259.85 259.36
(<0.01) (<0.01) (<0.01) (<0.01)

Note 1 : SW – Shapiro-Wilk, JB – Jarque-Bera,

RTD – Relative Temperature Deviation, CBF – Cross-Border Flow

Note 2 : p-values are reported in the parentheses.

Source: Author’s Computation
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Table 6.6: Results of KS and JB Tests for AR Models Using Hourly Data

Kolmogorov-Smirnov test

Base Model
Model

with RTD
Model with
Net CBF

Model with RTD
and Net CBF

Czech Republic 0.409 0.411 0.406 0.409
(<0.01) (<0.01) (<0.01) (<0.01)

Slovak Republic 0.429 0.426 0.424 0.422
(<0.01) (<0.01) (<0.01) (<0.01)

Hungary 0.437 0.432 0.436 0.432
(<0.01) (<0.01) (<0.01) (<0.01)

Romania 0.436 0.434 0.436 0.433
(<0.01) (<0.01) (<0.01) (<0.01)

Jarque-Bera test

Base Model
Model

with RTD
Model with
Net CBF

Model with RTD
and Net CBF

Czech Republic 23,164.00 23,208.00 24,030.00 24,185.00
(<0.01) (<0.01) (<0.01) (<0.01)

Slovak Republic 27,517.00 27,555.00 25,910.00 25,970.00
(<0.01) (<0.01) (<0.01) (<0.01)

Hungary 152,770.00 153,288.00 152,303.00 152,920.00
(<0.01) (<0.01) (<0.01) (<0.01)

Romania 21,609.00 21,780.00 20,483.00 20,622.00
(<0.01) (<0.01) (<0.01) (<0.01)

Note 1 : KS – Kolmogorov-Smirnov, JB – Jarque-Bera,

RTD – Relative Temperature Deviation, CBF – Cross-Border Flow

Note 2 : p-values are reported in the parentheses.

Source: Author’s Computation

6.2 Regression Results

This thesis deals with forecasting electricity prices in Central and Eastern Eu-

rope (CEE). We examine the forecast accuracy of models that differ by ex-

planatory variables. However, before studying the forecasts, we want to first

focus on the explanatory variables and their significance for modelling day-

ahead electricity prices. As already mentioned in the chapter Methodology,

we apply Autoregressive (AR) models and Seemingly Unrelated Regressions

(SUR) to both daily and hourly datasets. The AR models take into account

factors affecting the price of electricity only for a given country, they do not

address possible influences of other countries. However, our observed coun-

tries (the Czech Republic, the Slovak Republic, Hungary, and Romania) have

created the market coupling since November 19, 2014, when the last member

country, Romania, joined the system (OTE, a.s., 2014b). Therefore, it is log-

ical that mainly electricity prices are mutually correlated – the results of the

correlations between variables across the studied countries can be found in the
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Appendix in Table A.3 for daily data and in Table A.4 for hourly data. As this

correlation between the prices is a consequent effect of common shocks into the

system that causes a presence of correlation in disturbances in the individual

equations, we also utilise the SUR method. There, we have four models, each

containing four equations according to the respective countries with lags of all

countries’ electricity prices. Nevertheless, as we use the SUR models mainly

for forecasting purpose, we focus on them and on their results in the following

subchapter Results of Forecasting.

The correlation between the observed countries’ variables needs to be taken

with caution. The reason is, as we showed in the previous subchapter Statis-

tical Tests Results, that we have series on the edge of stationarity and non-

stationarity, especially electricity prices and net cross-border flows of electricity.

However, they do not have a problem with unit root, which is much more im-

portant. If they do not follow the unit root process, they have a finite variance.

For the correlation, it is necessary that the second moments, standard deviation

and variance are finite. Therefore, it is possible to perform a test for the cor-

relation between the variables across the studied countries, but the incomplete

stationarity of the series needs to be pointed out. Both, daily and hourly data,

have highly positively correlated electricity prices between the countries, which

was expected due to the market coupling. Relative temperature deviation is

also positively correlated, however, slightly lower compared to the prices. For

instance, the Czech Republic and Romania do not border each other and also

are the most distant, which can lead to a smaller correlation in the tempera-

ture. Net cross-border flows of electricity are negatively correlated, which may

be related to how this variable is defined – sum of the flows into the country

minus sum of the flows from the country. Thus, when the net cross-border

flow in one country increases, it can cause a decrease in the net flows in an-

other country. Also, direct flows can only take place between neighbouring

countries. Therefore, for example, the correlation of the net flows between the

Czech Republic and Romania is relatively low.

In this section, we are interested in the significance of the explanatory vari-

ables, which we examine within the AR models. We have totally four models

for estimating electricity prices that are individually applied to all our studied

countries. The first model, which is defined in Equation 5.10 in the chapter

Methodology, examines the relationship between the electricity price and its

lagged variable. The lags are based on the bidding system of the day-ahead
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market and its selection is described in detail in the individual section Proper

Selection of Lagged Observations within the chapter Methodology. By this

thorough analysis of the lags, we intend to create a basis for further scholars to

possibly avoid errors and inconsistencies in their estimations. Since the prices

carry seasonal patterns, it is necessary to include seasonal dummy variables into

the model in the form of 11 months, where the 12th (in our case December) is

the base month. In the second model (Equation 5.11), Relative Temperature

Deviation (RTD) from long-term average is added to the explanatory variables

of the first model in order to see if it significantly affects the determination of

the electricity prices. The third model (Equation 5.12) contains lagged elec-

tricity price, seasonal dummies and net cross-border flow as the explanatory

variables. The fourth model (Equation 5.13) comprises of all the mentioned

variables. The models are applied to all our observed countries separately

within both daily and hourly data, where only the selection of lags changes

for the respective datasets. Then, we examine which explanatory variable is

more significant in relation to the day-ahead electricity prices and compare the

results on the daily and hourly basis.

It is worth mentioning that we do not use lagged values for the variables

Relative Temperature Deviation (RTD) and Net Cross-Border Flow (CBF) in

the AR models designed for interpretation. These are necessary and important

in models for proper forecast analysis. We do not add the lagged variables to

the current variables at time t, as the significance and overall strength of these

variables would be divided between the lagged value and the current value. In

this part, we are more interested in whether the variables RTD and Net CBF

at time t affect the electricity prices in general.

The Autoregressive (AR) models for daily and hourly data are summarised

in Table 6.7 and Table 6.8, respectively. As it is shown and discussed in the

previous subchapter Statistical Tests Results, all regressions have evidence of

heteroskedasticity and autocorrelation in their error terms. Thus, we use ro-

bust standard errors for the models, which can change the significance of the

explanatory variables compared to the classic standard errors. Also, the tests

for normality reject their null hypotheses for all sampling distributions, i.e.

we do not have normally distributed samples. However, we have large sam-

ples that, according to the central limit theorem, asymptotically tend toward

a normal distribution, and we use the robust standard errors correlating to the

normal distribution as well. Hence, we estimate the models and comment the



6. Empirical Results 71

results as if we have normally distributed samples, i.e. we comment on the

asymptotic properties of the estimates.

For seasonality, we examine the significance of the dummy variables as a

whole for all months in the given models using the F -test. The null hypothesis

assumes that the effects of the seasonal dummies are equal to zero, while the

alternative hypothesis is based on the non-zero effects. It means that if the null

hypothesis is rejected, the seasonal effect is significant in the model. For all

models (both for daily and hourly data, and for all countries studied), we can

observe that the addition of seasonal dummy variables to the models appears

to be very significant and, thus, correctly removes the seasonal patterns from

the electricity prices.

The base models containing lagged electricity prices and seasonal dummies

do not show surprising results, as the electricity price at time t is closely linked

to the prices in the previous days. With two exceptions in daily data (in

the Czech Republic and the Slovak Republic), all lagged electricity prices are

statistically significant.

The temperature has negative correlation with the electricity price due to

decrease in demand with warmer weather. As the electricity is a non-storable

commodity, the producers aim at selling all its capacity. In order to drive up

demand for the good, they need to decrease prices. In our estimations, we

use the temperature deviation from the monthly average instead of the simple

daily/hourly temperature itself since it treats seasonal patterns. However, the

basic notion described above holds – if the daily temperature oscillates in values

higher than the monthly average, the demand decreases. It is important to

mention that we observe the contrary for hourly data – at night, the electricity

often comes at a discount (Kremer et al., 2020). This decreases the price during

colder periods of the day and, comparably, increases during the warmer periods

of the day, i.e. the price is a lot cheaper during warm nights than it is during

cold afternoons. As the hourly data are more detailed and precise, the nightly

temperature decrease is reflected there.

The cross-border flow is affected by several aspects, such as the overall elec-

tricity production and overall consumption. Total electricity production and

consumption of our observed countries in 2019 is presented in Table 2.1 in

the chapter Theoretical Background. All the countries, except for Hungary,

produce enough energy to cover its market’s needs. Hungary, however, is de-

pendent on imports. The other three, thus, have positive and significant effects
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of cross-border electricity flows for the daily data, as the transportation costs

are covered by this variable. The transportation price can be best observed

in the Slovak Republic, where the consumption nearly matches its electricity

consumption and, consequently, serves as a transportation point between the

Czech Republic and Hungary. In the hourly results, we can see a change for the

Czech net cross-border flows, as it is now more significant and negative. The

hourly data show more precise observations, as the daily may suffer from being

averaged and, thus, may diminish the effect of the Czech electricity export,

which is the highest of the four observed countries. The overproduction in the

Czech market makes the electricity less scarce and that leads to lower prices

for the Czech domestic power market.

The model with all the aforementioned variables (i.e. lagged electricity

prices, seasonal dummies and both relative temperature deviation and net

cross-border flow) shows that the results do not differ from the models fo-

cusing on each of the variables separately. It is mainly due to the significant

effect and importance of the lags in the electricity prices. This effect can be,

also, seen in the Adjusted R2, which does not vary significantly across the four

models despite the last three being enhanced by at least one more variable.

Moreover, this is reflected in all our studied countries. Comparing the coun-

tries, the best fit models are for Romania, as they have the highest R-squared

and all variables across these models and within both datasets are statistically

significant at least at 10% level.
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Table 6.7: Autoregressive (AR) Models – Daily Data

Dependent
Variable

Lagged El. Price
(average of

1 a.m. – 10 a.m., t–1)

Lagged 24-hour Average
of El. Price (t–2)

Relative
Temperature
Deviation

Net
Cross-Border

Flow
Seasonality Intercept Observations R2 Adjusted

R2

Base Model

Czech Republic AP CZ 0.612∗∗∗ 0.027 15.434 18.723∗∗∗ 2,192 0.475 0.472
(0.033) (0.026) [< 0.01] (1.389)

Slovak Republic AP SK 0.638∗∗∗ 0.041 15.335 17.983∗∗∗ 2,192 0.484 0.481
(0.033) (0.026) [< 0.01] (1.429)

Hungary AP HU 0.605∗∗∗ 0.175∗∗∗ 13.793 15.853∗∗∗ 2,192 0.580 0.578
(0.026) (0.028) [< 0.01] (1.410)

Romania AP RO 0.508∗∗∗ 0.223∗∗∗ 12.279 16.914∗∗∗ 2,192 0.530 0.527
(0.028) (0.028) [< 0.01] (1.562)

Model with Relative Temperature Deviation

Czech Republic AP CZ 0.611∗∗∗ 0.027 −0.172∗∗ 15.567 19.126∗∗∗ 2,192 0.476 0.472
(0.033) (0.026) (0.066) [< 0.01] (1.371)

Slovak Republic AP SK 0.637∗∗∗ 0.041 −0.035 15.352 18.078∗∗∗ 2,192 0.484 0.480
(0.033) (0.026) (0.081) [< 0.01] (1.438)

Hungary AP HU 0.605∗∗∗ 0.175∗∗∗ 0.020 13.780 15.808∗∗∗ 2,192 0.580 0.578
(0.028) (0.028) (0.083) [< 0.01] (1.425)

Romania AP RO 0.506∗∗∗ 0.223∗∗∗ −0.154∗ 12.354 17.257∗∗∗ 2,192 0.531 0.528
(0.028) (0.028) (0.071) [< 0.01] (1.576)

Model with Net Cross-Border Electricity Flow

Czech Republic AP CZ 0.615∗∗∗ 0.028 0.002• 15.583 18.390∗∗∗ 2,192 0.476 0.472
(0.032) (0.026) (0.001) [< 0.01] (1.355)

Slovak Republic AP SK 0.622∗∗∗ 0.048• 0.006∗∗∗ 12.231 17.124∗∗∗ 2,192 0.497 0.493
(0.032) (0.025) (0.001) [< 0.01] (1.363)

Hungary AP HU 0.610∗∗∗ 0.176∗∗∗ −0.001 13.699 15.925∗∗∗ 2,192 0.581 0.578
(0.026) (0.028) (0.001) [< 0.01] (1.365)

Romania AP RO 0.514∗∗∗ 0.220∗∗∗ 0.006∗∗∗ 12.532 15.674∗∗∗ 2,192 0.536 0.533
(0.024) (0.027) (0.001) [< 0.01] (1.541)

Model with Relative Temperature Deviation and Net Cross-Border Flow

Czech Republic AP CZ 0.614∗∗∗ 0.028 −0.165∗ 0.002 15.687 18.821∗∗∗ 2,192 0.478 0.474
(0.032) (0.026) (0.064) (0.001) [< 0.01] (1.329)

Slovak Republic AP SK 0.621∗∗∗ 0.048• −0.044 0.006∗∗∗ 12.256 17.243∗∗∗ 2,192 0.497 0.493
(0.032) (0.024) (0.076) (0.001) [< 0.01] (1.370)

Hungary AP HU 0.610∗∗∗ 0.176∗∗∗ 0.019 −0.001 13.688 15.882∗∗∗ 2,192 0.581 0.578
(0.028) (0.028) (0.082) (0.001) [< 0.01] (1.380)

Romania AP RO 0.513∗∗∗ 0.220∗∗∗ −0.153∗ 0.006∗∗∗ 12.616 16.015∗∗∗ 2,192 0.537 0.534
(0.027) (0.027) (0.072) (0.001) [< 0.01] (1.555)

Note 1 : For the seasonality variable, the top value represents F -test result and the bottom value in the square brackets stands for the respective p-value.

Note 2 : AP – Average Electricity Price, CZ – Czech Republic, SK – Slovak republic, HU – Hungary, RO – Romania

Note 3 : Robust standard errors are reported in the parentheses.

Note 4 : •p <0.1; *p <0.01; **p <0.05; ***p <0.001

Source: Author’s Computation

Table 6.8: Autoregressive (AR) Models – Hourly Data

Dependent
Variable

Lagged El. Price
(average of

1 a.m. – 10 a.m., t–1)

Lagged 24-hour Average
of El. Price (t–2)

Relative
Temperature
Deviation

Net
Cross-Border

Flow
Seasonality Intercept Observations R2 Adjusted

R2

Base Model

Czech Republic P CZ 0.694∗∗∗ −0.162∗∗∗ 151.715 18.380∗∗∗ 52,608 0.434 0.433
(0.012) (0.020) [< 0.01] (1.484)

Slovak Republic P SK 0.676∗∗∗ −0.150∗∗∗ 160.385 19.247∗∗∗ 52,608 0.427 0.427
(0.014) (0.020) [< 0.01] (1.641)

Hungary P HU 0.738∗∗∗ −0.102∗∗∗ 151.508 17.486∗∗∗ 52,608 0.543 0.543
(0.015) (0.019) [< 0.01] (1.586)

Romania P RO 0.691∗∗∗ −0.078∗∗∗ 141.916 18.207∗∗∗ 52,608 0.495 0.495
(0.011) (0.021) [< 0.01] (1.634)

Model with Relative Temperature Deviation

Czech Republic P CZ 0.697∗∗∗ −0.164∗∗∗ −0.026 151.913 18.384∗∗∗ 52,608 0.434 0.434
(0.012) (0.020) (0.024) [< 0.01] (1.477)

Slovak Republic P SK 0.670∗∗∗ −0.143∗∗∗ 0.056• 160.138 19.234∗∗∗ 52,608 0.427 0.427
(0.014) (0.020) (0.030) [< 0.01] (1.652)

Hungary P HU 0.725∗∗∗ −0.091∗∗∗ 0.081∗∗∗ 153.339 17.581∗∗∗ 52,608 0.544 0.544
(0.016) (0.019) (0.024) [< 0.01] (1.611)

Romania P RO 0.679∗∗∗ −0.068∗∗ 0.082∗∗∗ 143.533 18.291∗∗∗ 52,608 0.496 0.496
(0.012) (0.021) (0.023) [< 0.01] (1.653)

Model with Net Cross-Border Electricity Flow

Czech Republic P CZ 0.681∗∗∗ −0.153∗∗∗ −0.001∗∗∗ 137.034 18.194∗∗∗ 52,608 0.435 0.435
(0.014) (0.019) (0.0003) [< 0.01] (1.481)

Slovak Republic P SK 0.635∗∗∗ −0.111∗∗∗ 0.004∗∗∗ 118.316 19.920∗∗∗ 52,608 0.445 0.445
(0.016) (0.020) (0.0004) [< 0.01] (1.612)

Hungary P HU 0.736∗∗∗ −0.104∗∗∗ 0.0004 152.109 17.479∗∗∗ 52,608 0.543 0.543
(0.015) (0.020) (0.0004) [< 0.01] (1.585)

Romania P RO 0.680∗∗∗ −0.068∗∗∗ 0.006∗∗∗ 148.111 17.546∗∗∗ 52,608 0.508 0.508
(0.012) (0.020) (0.001) [< 0.01] (1.602)

Model with Relative Temperature Deviation and Net Cross-Border Flow

Czech Republic P CZ 0.683∗∗∗ −0.156∗∗∗ −0.041 −0.001∗∗∗ 136.440 18.186∗∗∗ 52,608 0.436 0.436
(0.014) (0.019) (0.025) (0.0003) [< 0.01] (1.471)

Slovak Republic P SK 0.632∗∗∗ −0.108∗∗∗ 0.033 0.004∗∗∗ 118.475 19.906∗∗∗ 52,608 0.445 0.445
(0.016) (0.020) (0.028) (0.0004) [< 0.01] (1.616)

Hungary P HU 0.724∗∗∗ −0.092∗∗∗ 0.079∗∗∗ 0.0003 153.746 17.574∗∗∗ 52,608 0.544 0.544
(0.016) (0.020) (0.024) (0.0004) [< 0.01] (1.609)

Romania P RO 0.667∗∗∗ −0.056∗∗ 0.094∗∗∗ 0.006∗∗∗ 150.172 17.632∗∗∗ 52,608 0.510 0.510
(0.013) (0.020) (0.024) (0.001) [< 0.01] (1.621)

Note 1 : For the seasonality variable, the top value represents F -test result and the bottom value in the square brackets stands for the respective p-value.

Note 2 : P – Electricity Price, CZ – Czech Republic, SK – Slovak republic, HU – Hungary, RO – Romania

Note 3 : Robust standard errors are reported in the parentheses.

Note 4 : •p <0.1; *p <0.01; **p <0.05; ***p <0.001

Source: Author’s Computation
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6.3 Results of Forecasting

As already mentioned in the previous subchapter Regression Results, the aim of

this thesis is to examine the forecasts of electricity prices in day-ahead markets

of CEE countries. We choose these smaller markets for our analysis, as most

papers rather focus on a single market (Lago et al., 2020), or on the larger

markets, such as the United States, Australia, Nord Pool, etc. (Bordignon

et al., 2013; Nowotarski et al., 2014). Therefore, one of our intentions is to

explore further the smaller markets and fill the gap in the studies. Also, unlike

most papers, we do not use one dataset, as it is usually common in this field,

but we use two types of data – daily and hourly. As electricity is tradable on

the hourly basis, this dataset is expected to be more accurate. However, even

daily data can provide important information for both modelling and forecast-

ing electricity prices. Therefore, we investigate the forecasts on both datasets.

We analyse forecast accuracy of Autoregressive (AR) models and Seemingly

Unrelated Regressions (SUR) that differ by their explanatory variables. The

reason why we use these two methods is that the AR models consider factors

affecting the electricity price only for a given country and do not address pos-

sible effects of other countries, while the SUR models also include the lagged

prices of other observed countries in their explanatory variables. Some authors

use Vector Autoregressive (VAR) method in their studies, however, the lags

in the VAR models cannot be precisely specified, i.e. lag length within one

variable cannot differ. Therefore, we utilise the SUR method, as it allows for

more advanced lag length selection.

As described in the chapter Methodology, for forecasting purpose, the whole

sample is divided into two subsamples – in-sample and out-of-sample. The for-

mer is utilised for estimation and covers data from January 1, 2015 to December

31, 2019. The latter is used for forecast evaluation and consists of data between

and January 1, 2020 and December 31, 2020. This procedure is chosen for both

daily and hourly data, only with the difference that for hourly data, the in-

sample and out-of-sample periods have 24 times more observations. Using

Diebold-Mariano (DM) test, we compare accuracy of two competing forecasts,

examine which model with which explanatory variables has a lower error rate,

and discuss the differences between the forecasts on daily and hourly basis. The

two main explanatory variables we focus on in the significance of prediction ac-

curacy are Relative Temperature Deviation (RTD) and Net Cross-Border Flow

(CBF). We concentrate on changes in forecasts when RTD, Net CBF, or both
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are included in the models. In other words, the effect of the added variable/s

on the forecast accuracy is studied. In addition, using the DM test, we compare

forecast accuracy of different methods. However, since this comparison is not

the main aim of the thesis and, moreover, such use of the test is criticised by

Diebold (2015), it is presented for illustrative purposes only and as a possi-

ble incentive for further research. The results are discussed in the individual

section Comparing Forecast Accuracy of Different Methods in this subchapter.

As mentioned in the chapter Methodology, we use absolute errors to eval-

uate the DM test. The reason is that electricity prices include exogenous and

unexpected jumps (referred as spikes), to which squared errors are very sensi-

tive and, thus, greatly increased. The absolute errors do not have such a great

response to the price spikes, and, consequently, are not as large as in the case

of the squared errors. The null hypothesis of the DM test assumes that there

is no quantitative difference between the two comparative forecasts, i.e. both

forecasts are the same and have equal error rates. The alternative hypothesis

defines that the first of the forecasts has higher error rate and, thus, is less

accurate. If the p-value is below the chosen significance level, the null hypoth-

esis is rejected, and we accept the alternative. In the DM test, it depends on

which model we choose as the first and which as the second. For this reason,

we present both one-sided and two-sided p-values to determine which forecast

is more accurate and, thus, has lower error rate. With the two-sided p-value,

we can theoretically evaluate the Diebold-Mariano test according to the sign of

the test statistic. A positive value indicates that the second model has better

prediction accuracy, as the first has a higher error rate. Conversely, a negative

value means that the first model is better and the second has a higher error

rate. According to the p-value, we then examine whether the forecasts are

significantly statistically different.

First, we examine the forecast accuracy of Autoregressive (AR) models

with each other. The appropriate AR models used for forecasting are precisely

defined in Equations 5.14, 5.15, 5.16, and 5.17 in the chapter Methodology.

It is important to note that in order to have correctly analysed forecasts, it

is necessary to use lagged variables for electricity prices, relative temperature

deviations and net cross-border electricity flows. The reason is that the gate for

bids in the day-ahead electricity market closes at 11 a.m. every day, and, thus,

in the forecasts we can only use values that are known at a given time t. Since

we want to have the lag length uniform for all variables and since the aim is
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to forecast electricity prices, the lags are based on the electricity prices. Since

the prediction errors can be non-Gaussian with zero mean and autocorrelation,

there is no need to use robust standard errors in forecasting. Therefore, for the

prediction purposes, the models are applied with the common standard errors.

We have a total of four models for comparing the forecast accuracy. The

comparisons are performed as follows. First, we examine the difference between

the base model, which contains only lagged electricity prices and seasonal dum-

mies as its explanatory variables, and the model with Relative Temperature

Deviation (RTD), where the lagged temperature deviation is added to the ex-

planatory variables of the base model. Then, we compare the base model and

the model with Net Cross-Border Flow (CBF), which instead of the lagged tem-

perature deviation adds the lagged net cross-border electricity flow between the

observed countries to the explanatory variables. Another comparison of fore-

casts is between the base model and the model with both RTD and Net CBF,

i.e. the model that contains all the already mentioned explanatory variables.

Lastly, using the Diebold-Mariano test, we observe the difference between the

model with RTD and the model with Net CBF to determine which added

variable improves or worsens the forecast accuracy more.

The results of forecasting with the AR models using daily and hourly

data are presented in Table 6.9 and in Table 6.10, respectively. Although

the variables Relative Temperature Deviation (RTD) and Net Cross-Border

Flow (CBF) are mostly significant in the AR models when using daily data,

especially for the Czech Republic and Romania, as can be seen in the previous

subchapter Regressions Results, they do not appear to be so important for the

forecasting purposes. However, it is important to remember that we do not use

these variables at time t for forecasting, but instead their lagged values known

at time t, which can affect their significance in the models. The comparisons

of the forecast accuracy within the Czech Republic show that neither model

is significantly better than the comparative one, i.e. they cannot be statisti-

cally differentiated. Only the model with RTD and the model with RTD and

Net CBF appear on average better than the base model. Therefore, in the

comparison between the added variables RTD and Net CBF, the forecast with

the temperature deviation is better on average, but not statistically different

from the comparative model. Within the Slovak Republic, the results show

that the base model has a significantly more accurate forecast than the model

with Net CBF, and the model with both RTD and Net CBF, where the reason
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for higher error rate may be the over-specification. We reached to the same

outcomes also for Hungary and Romania. When comparing the model with

RTD and the model with Net CBF, the results show that the forecast with

the temperature deviation is overall better. In the Slovak Republic and Hun-

gary, it is even significantly more accurate and has a lower error rate. It seems

that the net cross-border flows in the AR models using daily data overfit the

models. The insignificance of forecasting associated with the electricity flows

can be caused by the fact that the AR models take into account the observed

countries separately, and thus do not include any effects of other countries,

which are essential for the flows.

The results of the net cross-border flows within the forecasting are con-

firmed in hourly data. Also, with the hourly data, the models can be more

statistically differentiated from each other and, thus, it is easier to determine

which model is better in terms of prediction and which has a higher error rate.

By comparing the model with RTD and the model with Net CBF, the temper-

ature deviation improves significantly forecast accuracy across the countries,

except for the Czech Republic, where the model with Net CBF is better in this

comparison. The model with RTD has also better forecast than the base model

in all observed countries. However, apart from the Czech Republic, the forecast

with the base model is more accurate than in the case of the model with Net

CBF. Moreover, in Hungary and Romania, the base model has significantly

better forecast than even every model that includes the lagged electricity flow,

i.e. model with Net CBF and the model with both RTD and Net CBF.

To summarise all the forecasting results with the AR models, hourly data

are more detailed and carry more information, thus their predictive power

is more accurate. They also provide more relevant results, as electricity is

purchased and generally operates on hourly basis. With hourly data, it is easier

to identify models with better forecast and decide which added variable is more

significant for the forecasting purposes. However, this does not mean that daily

data are useless. They are able to provide averaged results by which we can

confirm some outcomes from hourly data. Regarding the difference between the

model with the relative temperature deviation and the model containing the

net cross-border electricity flow, the temperature deviation improves in total

the forecast accuracy of the model. This is confirmed by the results from both

daily and hourly data and, thus, coincides with Weron (2014) that electricity

prices are significantly affected by weather.
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Table 6.9: Results of DM test with AR Models Using Daily Data

Czech Republic

One-Sided Two-Sided

Base Model & Model with RTD 0.463 0.463
(0.322) (0.644)

Base Model & Model with Net CBF -1.254 -1.254
(0.895) (0.210)

Base Model & Model with RTD and Net CBF 0.704 0.704
(0.241) (0.482)

Model with RTD & Model with Net CBF -0.526 -0.526
(0.701) (0.598)

Slovak Republic

One-Sided Two-Sided

Base Model & Model with RTD -0.997 -0.997
(0.840) (0.320)

Base Model & Model with Net CBF -3.051 -3.051
(0.999) (0.002)

Base Model & Model with RTD and Net CBF -3.318 -3.318
(0.999) (0.002)

Model with RTD & Model with Net CBF -2.398 -2.398
(0.992) (0.016)

Hungary

One-Sided Two-Sided

Base Model & Model with RTD -1.181 -1.181
(0.881) (0.238)

Base Model & Model with Net CBF -7.169 -7.169
(>0.99) (<0.01)

Base Model & Model with RTD and Net CBF -7.223 -7.223
(>0.99) (<0.01)

Model with RTD & Model with Net CBF -7.109 -7.109
(>0.99) (<0.01)

Romania

One-Sided Two-Sided

Base Model & Model with RTD -0.908 -0.908
(0.818) (0.364)

Base Model & Model with Net CBF -1.519 -1.519
(0.935) (0.130)

Base Model & Model with RTD and Net CBF -1.735 -1.735
(0.958) (0.084)

Model with RTD & Model with Net CBF -1.317 -1.317
(0.906) (0.188)

Note 1 : DM – Diebold-Mariano, RTD – Relative Temperature Deviation,

CBF – Cross-Border Flow, AR – Autoregressive

Note 2 : p-values are reported in the parentheses.

Source: Author’s Computation
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Table 6.10: Results of DM test with AR Models Using Hourly Data

Czech Republic

One-Sided Two-Sided

Base Model & Model with RTD 5.839 5.839
(<0.01) (<0.01)

Base Model & Model with Net CBF 10.721 10.721
(<0.01) (<0.01)

Base Model & Model with RTD and Net CBF 10.067 10.067
(<0.01) (<0.01)

Model with RTD & Model with Net CBF 3.026 3.026
(0.001) (0.002)

Slovak Republic

One-Sided Two-Sided

Base Model & Model with RTD 6.719 6.719
(<0.01) (<0.01)

Base Model & Model with Net CBF -2.486 -2.486
(0.994) (0.012)

Base Model & Model with RTD and Net CBF 0.919 0.919
(0.179) (0.358)

Model with RTD & Model with Net CBF -6.919 -6.919
(>0.99) (<0.01)

Hungary

One-Sided Two-Sided

Base Model & Model with RTD 7.830 7.830
(<0.01) (<0.01)

Base Model & Model with Net CBF -33.983 -33.983
(>0.99) (<0.01)

Base Model & Model with RTD and Net CBF -30.132 -30.132
(>0.99) (<0.01)

Model with RTD & Model with Net CBF -35.580 -35.580
(>0.99) (<0.01)

Romania

One-Sided Two-Sided

Base Model & Model with RTD 4.990 4.990
(<0.01) (<0.01)

Base Model & Model with Net CBF -6.347 -6.347
(>0.99) (<0.01)

Base Model & Model with RTD and Net CBF -1.789 -1.789
(0.963) (0.074)

Model with RTD & Model with Net CBF -8.258 -8.258
(>0.99) (<0.01)

Note 1 : DM – Diebold-Mariano, RTD – Relative Temperature Deviation,

CBF – Cross-Border Flow, AR – Autoregressive

Note 2 : p-values are reported in the parentheses.

Source: Author’s Computation

Then, similarly to the AR models, we compare forecasts with the Seemingly

Unrelated Regressions (SUR). The SUR method is chosen since it deals with

correlated disturbances among the equations, which are caused by common



6. Empirical Results 80

shocks into the system. The models consist of four equations according to the

respective countries, where each equation contains the lagged electricity prices

of all our observed countries. Then, we add other variables to the equations,

but only relevant to the given country, thus we have different explanatory vari-

ables in each equation, which also implies that the SUR is a suitable method

for our analysis. As the main aim of this thesis is to examine forecasting elec-

tricity pricing, we utilise the SUR models mainly for this purpose of comparing

the models’ forecast accuracy, and the interpretation of models and variables

at time t is only included within the AR models in the previous subchapter

Regression Results. Therefore, as in the AR forecasting models, it is necessary

to use the lagged variables known at time t, i.e. lagged electricity prices as well

as lagged relative temperature deviations and net cross-border flows, to have

properly analysed forecasting. As already mentioned above, the choice of the

lags is the same for all variables and is based on the structure and specifics of

the day-ahead electricity market (see the section Proper Selection of Lagged

Observations in the chapter Methodology). Moreover, the lags are the same for

both AR and SUR models, their selection is different only for daily and hourly

data.

As with the AR models, we also examine and compare the forecasts of four

SUR models, which are precisely defined in Equations 5.23, 5.24, 5.25, and 5.26

in the chapter Methodology. In order to study which model has more precise

forecast ability and which added explanatory variable improves/worsens the

model’s predictive error rate, we focus on the following comparisons. We have

a base model with four equations according to the observed countries, whose

explanatory variables are lagged electricity prices of all countries and seasonal

dummies. Thus, only within the base model, the explanatory variables do not

change across the equations. This base model is subsequently compared with

other three models. The first is a model with Relative Temperature Deviation

(RTD), where the appropriate lagged RTD variable is added to the equation of

the given country as another explanatory variable to those of the base model.

The second is a model with Net Cross-Border Flow (CBF) of electricity be-

tween the countries, which instead of the lagged temperature deviation adds

the lagged Net CBF variable to the explanatory variables of the correspond-

ing equation. The third is a model containing both lagged variables RTD and

Net CBF. It means that its explanatory variables across the equations are the

lagged electricity prices of all countries, seasonality dummies, relevant lagged

RTD, and appropriate lagged Net CBF. To determine which added variable is
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better for forecasting purpose, we compare the model with RTD and the model

with Net CBF using the Diebold-Mariano test.

The results of forecasting with the SUR models are shown in Table 6.11 for

daily data and in Table 6.12 for hourly data. As can be observed in the results

of daily data within the Czech Republic, all three models are significantly better

in forecasting than the base model. Thus, both variables Relative Temperature

Deviation (RTD) and Net Cross-Border Flow (CBF) improve the accuracy of

the forecasts. However, it is not possible to statistically distinguish which

variable in the model improves the forecast more, only on average the model

with RTD is better. On the contrary, in the Slovak Republic, the results show

that the base model appears better than the other three, but since there is

no reason to reject the null hypothesis of the Diebold-Mariano (DM) test, the

models are not exactly statistically differentiated. As in the Czech Republic,

the forecast difference between the model with RTD and the model with Net

CBF is also insignificant; on average, the forecast with RTD is better. In

Hungary, the forecast is more accurate for the base model than for the models

containing the Net CBF variable. The base model seems also better than the

model with RTD, but not statistically differentiated. It follows that in the

comparison between the added variables RTD and Net CBF, the model with

RTD significantly enhances the forecast accuracy. In Romania, the model with

RTD appears better than the base model, but otherwise the base model has on

average better forecast than the others. However, none of these four models are

statistically different from each other, as we cannot reject the null hypothesis

of the DM test in any comparison. Therefore, there are also no differences

between the model with RTD and the model with Net CBF, only on average

the forecast with RTD is more accurate.

As with the AR models, hourly data show more accurate results than daily

data, with which it is easier to determine model that provides a better forecast.

In the Czech Republic, the results of hourly data indicate that, in contrast

to the daily data, only the models containing the lagged electricity flows in

their explanatory variables are significantly better than the base model. The

comparison between the base model and the model with RTD shows that the

base model has a more accurate forecast. Therefore, the forecast of the model

with Net CBF is significantly better than the model with RTD. Within the

Slovak Republic, all three models provide forecasts more accurate than the

base model, thus the added variables are relevant for forecasting. However,
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it is not possible to statistically differentiate whether the forecast is improved

more by the temperature deviation or the net electricity flow. In Hungary

and Romania, the models with RTD are better, in terms of forecasting, than

the base models. But within the results for the models with Net CBF, these

countries differ. In Hungary, the base model is significantly better than the

model with Net CBF and the model with both RTD and Net CBF. In Romania,

the Net CBF variable does not enhance the forecasts. Therefore, the model

with Net CBF is on average worse than the base model, but once the RTD is

among the explanatory variables, the forecast is better than the base model, i.e.

the model with RTD and Net CBF is better than the base model. By comparing

the significance of the RTD and Net CBF variables, the same result is obtained

in both countries – the model with RTD has a more accurate forecast.

Net cross-border electricity flows within the SUR models are, as we can

observe mainly in the Czech Republic, a little more significant and useful than

in the AR models. The reason can be that the AR models focus on only

one given country, while the SUR models include the lagged electricity prices

in other countries as well. In particular, the Czech Republic produces more

electricity than it consumes (see Table 2.1 in the chapter Theoretical Back-

ground). However, since it borders only with the Slovak Republic from the

observed countries, it is the only country where it can export the electricity

directly within the flows. But through Slovakia, the electricity from the Czech

Republic can get to Hungary and then to Romania. Therefore, the effects of

other countries’ prices have mostly impact on the Czech Republic within the

significance of the flows in forecasting. The SUR models also describe more

precisely the situation of common shocks, as it includes the price lags of all the

studied countries. However, whether using the SUR method instead of the AR

models improves the forecast accuracy, we examine, for the illustrative pur-

poses only, in the following individual section Comparing Forecast Accuracy of

Different Methods.
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Table 6.11: Results of DM test with SUR Models Using Daily Data

Czech Republic

One-Sided Two-Sided

Base Model & Model with RTD 1.406 1.406
(0.080) (0.160)

Base Model & Model with Net CBF 2.333 2.333
(0.010) (0.020)

Base Model & Model with RTD and Net CBF 2.431 2.431
(0.008) (0.016)

Model with RTD & Model with Net CBF -0.081 -0.081
(0.532) (0.936)

Slovak Republic

One-Sided Two-Sided

Base Model & Model with RTD -0.333 -0.333
(0.631) (0.738)

Base Model & Model with Net CBF -0.688 -0.688
(0.754) (0.492)

Base Model & Model with RTD and Net CBF -0.764 -0.764
(0.777) (0.446)

Model with RTD & Model with Net CBF -0.195 -0.195
(0.577) (0.846)

Hungary

One-Sided Two-Sided

Base Model & Model with RTD -1.053 -1.053
(0.854) (0.292)

Base Model & Model with Net CBF -4.770 -4.770
(>0.99) (<0.01)

Base Model & Model with RTD and Net CBF -4.845 -4.845
(>0.99) (<0.01)

Model with RTD & Model with Net CBF -4.628 -4.628
(>0.99) (<0.01)

Romania

One-Sided Two-Sided

Base Model & Model with RTD 0.346 0.346
(0.365) (0.730)

Base Model & Model with Net CBF -0.158 -0.158
(0.563) (0.874)

Base Model & Model with RTD and Net CBF -0.043 -0.043
(0.517) (0.966)

Model with RTD & Model with Net CBF -0.270 -0.270
(0.606) (0.788)

Note 1 : SUR – Seemingly Unrelated Regressions, RTD – Relative Temperature Deviation,

CBF – Cross-Border Flow, DM – Diebold-Mariano

Note 2 : p-values are reported in the parentheses.

Source: Author’s Computation
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Table 6.12: Results of DM test with SUR Models Using Hourly Data

Czech Republic

One-Sided Two-Sided

Base Model & Model with RTD -6.903 -6.903
(>0.99) (<0.01)

Base Model & Model with Net CBF 9.614 9.614
(<0.01) (<0.01)

Base Model & Model with RTD and Net CBF 7.013 7.013
(<0.01) (<0.01)

Model with RTD & Model with Net CBF 11.688 11.688
(<0.01) (<0.01)

Slovak Republic

One-Sided Two-Sided

Base Model & Model with RTD 7.277 7.277
(<0.01) (<0.01)

Base Model & Model with Net CBF 10.202 10.202
(<0.01) (<0.01)

Base Model & Model with RTD and Net CBF 11.001 11.001
(<0.01) (<0.01)

Model with RTD & Model with Net CBF -0.534 -0.534
(0.703) (0.594)

Hungary

One-Sided Two-Sided

Base Model & Model with RTD 10.216 10.216
(<0.01) (<0.01)

Base Model & Model with Net CBF -19.289 -19.289
(>0.99) (<0.01)

Base Model & Model with RTD and Net CBF -8.494 -8.494
(>0.99) (<0.01)

Model with RTD & Model with Net CBF -21.708 -21.708
(>0.99) (<0.01)

Romania

One-Sided Two-Sided

Base Model & Model with RTD 7.040 7.040
(<0.01) (<0.01)

Base Model & Model with Net CBF 0.726 0.726
(0.234) (0.468)

Base Model & Model with RTD and Net CBF 5.685 5.685
(<0.01) (<0.01)

Model with RTD & Model with Net CBF -4.248 -4.248
(>0.99) (<0.01)

Note 1 : SUR – Seemingly Unrelated Regressions, RTD – Relative Temperature Deviation,

CBF – Cross-Border Flow, DM – Diebold-Mariano

Note 2 : p-values are reported in the parentheses.

Source: Author’s Computation
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Comparing Forecast Accuracy of Different Methods

As most papers and studies deal with the examination of suitable models for

forecasting electricity pricing (Weron, 2014; Uniejewski et al., 2016), our goal

is not to discuss the strengths and weaknesses of the utilised methods or find

out which method is better. We aim at studying forecast accuracy of models

when various explanatory variables are added to them. In addition, using

the Diebold-Mariano test is not a suitable method for such the examination.

According to Diebold (2015), the DM test is intended for comparing forecasts,

as it is utilised within this thesis, and not for comparing models using different

methods. Therefore, we present this comparison of SUR and AR methods for

illustrative purposes only and the results need to be taken with caution.

Based on the results presented in Table 6.9 and Table 6.10 for the AR

models and in Table 6.11 and Table 6.12 for the SUR models, we select the

models (always one for AR and one for SUR) that have the best forecast, and

thus the lowest error rate. This process is applied to all observed countries

separately and both daily and hourly data. The given pair of models is then

compared with each other using the DM test. In daily data, when we use

the AR models, we find the best results in the base model for all observed

countries except the Czech Republic, where the model with both RTD and Net

CBF appears as the best for the forecasting purpose. For the SUR models, we

use the model with RTD and Net CBF for the Czech Republic, as in the case

of the AR models. For the Slovak Republic and Hungary, we prefer to use the

base model, and for Romania we choose the model with RTD. For hourly data,

the Czech Republic has the most accurate forecast for both type of methods

when the model with Net CBF is utilised. Hungary and Romania in both AR

and SUR models perform the best when the model with RTD is used. In the

Slovak Republic, we prefer to use the model with RTD for the AR models, but

the model with RTD and Net CBF for the SUR method.

The results of the Diebold-Mariano test with the chosen models are pre-

sented in Table 6.13. We can notice that the observed methods (AR and SUR)

are not significantly different from each other, with only two exceptions that

appear in hourly data for Hungary and Romania. In Hungary, the results show

that the AR model is better and have a more accurate forecast. In Romania,

on the other hand, the SUR method has proven to be better. To sum it up, we

can say that the methods are on average balanced.
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Table 6.13: Results of DM test with AR and SUR Models

Daily Data

One-Sided Two-Sided

Czech Republic
Model with RTD and Net CBF (AR) & -1.327 -1.327
Model with RTD and Net CBF (SUR) (0.907) (0.186)
Slovak Republic
Base Model (AR) & -0.231 -0.231
Base Model (SUR) (0.591) (0.818)
Hungary
Base Model (AR) & 0.131 0.131
Base Model (SUR) (0.448) (0.896)
Romania
Base Model (AR) & 1.572 1.572
Model with RTD (SUR) (0.058) (0.116)

Hourly Data

One-Sided Two-Sided

Czech Republic
Model with Net CBF (AR) & 1.006 1.006
Model with Net CBF (SUR) (0.157) (0.314)
Slovak Republic
Model with RTD (AR) & -0.180 -0.180
Model with RTD and Net CBF (SUR) (0.571) (0.858)
Hungary
Model with RTD (AR) & -9.222 -9.222
Model with RTD (SUR) (>0.99) (<0.01)
Romania
Model with RTD (AR) & 3.975 3.975
Model with RTD (SUR) (<0.01) (<0.01)

Note 1 : AR – Autoregressive, SUR – Seemingly Unrelated Regressions,

RTD – Relative Temperature Deviation, CBF – Cross-Border Flow,

DM – Diebold-Mariano

Note 2 : p-values are reported in the parentheses.

Source: Author’s Computation
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Conclusion

The objective of this thesis is to examine forecasting electricity prices and to ob-

serve how adding explanatory variables, which focus on Relative Temperature

Deviation and Net Cross-Border Flow, influence the forecasting of day-ahead

electricity prices. In addition, we aimed at providing a basis for further analyses

focusing on smaller markets. For this purpose, we used dataset on Central and

Eastern European markets (the Czech Republic, the Slovak Republic, Hungary,

and Romania), which covered a period of six years, beginning on January 1,

2015 and ending on December 31, 2020.

When examining the significance of the two observed variables, Relative

Temperature Deviation (RTD) and Net Cross-Border Flow (CBF) of electricity,

within the AR models, we concluded that these variables are mostly significant.

We, thus, would assume that including them in the forecasts would lead to

more accuracy in the predictions. However, this may not be the case as the

effect of lagged values might differ from the effect of the current variables. We

ran into this issue in our electricity price forecast using daily data in the AR

models, where we did not find sufficient proof that including of these variables

improves the forecast accuracy. In hourly data, the models could be more easily

statistically differentiated and, thus, the effect of added variables was more

easily seen. Therefore, we could observe a larger improvement in accuracy

of electricity price forecasting caused by the RTD. The only exception was

the Czech Republic, where the Net CBF were more effective due to the Czech

electricity exporting dominance among the observed countries. The hourly data

proved to be more useful in forecasting electricity pricing also when we used the

SUR method. Within the SUR models, the data again gave us the opportunity

to distinguish the effects of the added variables on forecast accuracy. The SUR
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confirmed the findings from the AR models, as it once more showed the RTD

as the more helpful variable, with the exception of the Czech Republic, where

the Net CBF appeared more significant again.

With this paper, we laid the basis for future scholars in terms of focusing on

a market, which is not commonly used for forecasting electricity pricing – the

Central and Eastern European markets, and by performing proper selection of

available lagged observations. For daily data, we created two lagged variables –

one which averages observed values between 1 a.m. and 10 a.m. on the previous

day (t − 1) and one representing the daily average of the day before (t − 2).

For hourly data, we used two lagged variables as well. The first is divided

into two time periods, where for 1 a.m. to 10 a.m. we use corresponding

hourly data from the previous day (t − 1) and for 11 a.m. until 12 midnight

we use corresponding values from t − 2. The second is the same as in daily

data, the average of the whole day t − 2. The key breaking point was the 11

a.m. as it is the closing time of the auction-based electricity market system.

This thorough lag analysis should serve future studies as a guidance. If they

follow our choice of lags, a possible error and inconsistency in results may be

avoided. Furthermore, we showed the importance of including temperature

in the forecasts, which may give the incentive to electricity producers, who

could afterwards avoid omitting temperature in their own price forecasts and,

subsequently, reduce possible costs associated with under or overproduction of

electricity. In addition, this analysis of the forecasting electricity pricing can

bring opportunities for traders to better react to sudden changes in external

variables, namely temperature, and thus decrease the trading risk and maximize

their profits.

In Weron (2014) as well as in this thesis, several other forecasting methods

were mentioned and described. As our datasets focus on smaller market, run-

ning different forecasting methods using our data might lead to a different result

than it is the case for the larger markets. A comparison of results from this

non-traditional market could be then compared with the results summarised

by Weron (2014), who reviewed a large number of methods and models within

many other studies. A significant inconsistency with forecasts from larger mar-

kets might lead to a conclusion that depending on the market size, different

methods of electricity pricing forecasts are preferred. Another possibility is to

apply state-of-the-art statistical and deep learning methods reviewed by Lago

et al. (2020) on our datasets and observe how the results change with these new
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proposed methods. In addition, more variables could be added to our models,

such as macroeconomic factors, i.e. GDP or GDP per capita, unemployment,

etc. However, with these a possible issue with frequency may arise. As our data

are built on daily and hourly basis, the GDP, which is updated every quarter

of the year, might not have the desired effect. Unemployment may serve as

a better macroeconomic indicator as its monthly frequency is higher than the

quarterly for the GDP, nevertheless, an in-depth discussion is needed.



Bibliography

Aggarwal, S. K., L. Saini, & A. Kumar (2009): “Short term price fore-

casting in deregulated electricity markets.” International Journal of Energy

Sector Management .

Armstrong, J. S. & F. Collopy (1992): “Error measures for generalizing

about forecasting methods: Empirical comparisons.” International journal

of forecasting 8(1): pp. 69–80.

Benth, F. E., J. S. Benth, & S. Koekebakker (2008): Stochastic modelling

of electricity and related markets, volume 11. World Scientific.

Benth, F. E., R. Kiesel, & A. Nazarova (2012): “A critical empirical study

of three electricity spot price models.” Energy Economics 34(5): pp. 1589–

1616.
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Torró, H. (2007): “Forecasting weekly electricity prices at Nord Pool.” .

Transelectrica (2021): “About the Company.” https://www.

transelectrica.ro/en/web/tel/despre-noi1. Online, accessed 18-Mar-

2021.

Uniejewski, B., J. Nowotarski, & R. Weron (2016): “Automated variable

selection and shrinkage for day-ahead electricity price forecasting.” Energies

9(8): p. 621.

USEIT (2019): “Electricity net consumption, Slovakia, Annual.”

https://www.eia.gov/opendata/qb.php?category=2134404&sdid=

INTL.2-2-SVK-BKWH.A. Online, accessed 25-Apr-2021.

Vitner, S. (2008): “Poznatky SEI.” https://www.ceskaenergetika.cz/

nezarazene_clanky/poznatky_sei.html. Online, accessed 18-Mar-2021.

Weber, C. (2006): Uncertainty in the electric power industry: methods and

models for decision support, volume 77. Springer Science & Business Media.

Weron, R. (2007): Modeling and forecasting electricity loads and prices: A

statistical approach, volume 403. John Wiley & Sons.

Weron, R. (2009): “Heavy-tails and regime-switching in electricity prices.”

Mathematical Methods of Operations Research 69(3): pp. 457–473.

Weron, R. (2014): “Electricity price forecasting: A review of the state-of-the-

art with a look into the future.” International journal of forecasting 30(4):

pp. 1030–1081.

Weron, R., M. Bierbrauer, & S. Trück (2004): “Modeling electricity

prices: jump diffusion and regime switching.” Physica A: Statistical Me-

chanics and its Applications 336(1-2): pp. 39–48.

Weron, R. & A. Misiorek (2008): “Forecasting spot electricity prices: A

comparison of parametric and semiparametric time series models.” Interna-

tional journal of forecasting 24(4): pp. 744–763.

Weron, R., A. Misiorek et al. (2006): “Short-term electricity price fore-

casting with time series models: A review and evaluation.” HSC Research

Reports (HSC/06/01).

https://www.transelectrica.ro/en/web/tel/despre-noi1
https://www.transelectrica.ro/en/web/tel/despre-noi1
https://www.eia.gov/opendata/qb.php?category=2134404&sdid=INTL.2-2-SVK-BKWH.A
https://www.eia.gov/opendata/qb.php?category=2134404&sdid=INTL.2-2-SVK-BKWH.A
https://www.ceskaenergetika.cz/nezarazene_clanky/poznatky_sei.html
https://www.ceskaenergetika.cz/nezarazene_clanky/poznatky_sei.html


Bibliography 98

Zachmann, G. (2008): “Electricity wholesale market prices in europe: Con-

vergence?” Energy Economics 30(4): pp. 1659–1671.

Zareipour, H. (2008): “Price-based energy management in competitive elec-

tricity markets.” VDM Verlag Dr. Müller .

Zareipour, H., K. Bhattacharya, & C. A. Canizares (2007): “Electricity

market price volatility: The case of Ontario.” Energy Policy 35(9): pp.

4739–4748.

Zellner, A. (1962): “An efficient method of estimating seemingly unrelated

regressions and tests for aggregation bias.” Journal of the American statis-

tical Association 57(298): pp. 348–368.

Zhou, B. B. & K. M. Kockelman (2009): “Predicting the distribution of

households and employment: a seemingly unrelated regression model with

two spatial processes.” Journal of Transport Geography 17(5): pp. 369–376.

Ziel, F., R. Steinert, & S. Husmann (2015): “Efficient modeling and fore-

casting of electricity spot prices.” Energy Economics 47: pp. 98–111.



Appendix A

Appendix

Table A.1: Results of ADF and KPSS Tests for Differenced Daily Data

ADF test

Electricity
Prices

Net Cross-Border
Flow

Czech Republic -22.838 -19.028
(<0.01) (<0.01)

Slovak Republic -21.871 -18.577
(<0.01) (<0.01)

Hungary -21.021 -21.076
(<0.01) (<0.01)

Romania -20.566 -20.347
(<0.01) (<0.01)

KPSS test

Electricity
Prices

Net Cross-Border
Flow

Czech Republic 0.004 0.008
(>0.1) (>0.1)

Slovak Republic 0.004 0.004
(>0.1) (>0.1)

Hungary 0.005 0.003
(>0.1) (>0.1)

Romania 0.004 0.009
(>0.1) (>0.1)

Note 1 : ADF – Augmented Dickey-Fuller,

KPSS – Kwiatkowski-Phillips-Schmidt-Shin

Note 2 : All the depicted variables are differenced.

Note 3 : p-values are reported in the parentheses.

Source: Author’s Computation



A. Appendix II

Table A.2: Results of ADF and KPSS Tests for Differenced Hourly Data

ADF test

Electricity
Prices

Net Cross-Border
Flow

Czech Republic -45.847 -48.561
(<0.01) (<0.01)

Slovak Republic -45.344 -48.297
(<0.01) (<0.01)

Hungary -45.413 -49.715
(<0.01) (<0.01)

Romania -47.062 -50.745
(<0.01) (<0.01)

KPSS test

Electricity
Prices

Net Cross-Border
Flow

Czech Republic 0.0004 0.0004
(>0.1) (>0.1)

Slovak Republic 0.0004 0.0005
(>0.1) (>0.1)

Hungary 0.0004 0.0004
(>0.1) (>0.1)

Romania 0.0004 0.0005
(>0.1) (>0.1)

Note 1 : ADF – Augmented Dickey-Fuller,

KPSS – Kwiatkowski-Phillips-Schmidt-Shin

Note 2 : All the depicted variables are differenced.

Note 3 : p-values are reported in the parentheses.

Source: Author’s Computation



A. Appendix III

Table A.3: Correlation between Observed Countries’ Variables in Daily Data

Electricity Prices

Czech Republic Slovak Republic Hungary Romania
Czech Republic 1 0.948 0.782 0.705
Slovak Republic 0.948 1 0.847 0.770
Hungary 0.782 0.847 1 0.922
Romania 0.705 0.770 0.922 1

Relative Temperature Deviation

Czech Republic Slovak Republic Hungary Romania
Czech Republic 1 0.787 0.671 0.384
Slovak Republic 0.787 1 0.893 0.567
Hungary 0.671 0.893 1 0.650
Romania 0.384 0.567 0.650 1

Net Cross-Border Electricity Flow

Czech Republic Slovak Republic Hungary Romania
Czech Republic 1 -0.784 -0.424 -0.043
Slovak Republic -0.784 1 -0.077 0.009
Hungary -0.424 -0.077 1 -0.574
Romania -0.043 0.009 -0.574 1

Source: Author’s Computation

Table A.4: Correlation between Observed Countries’ Variables in Hourly Data

Electricity Prices

Czech Republic Slovak Republic Hungary Romania
Czech Republic 1 0.933 0.791 0.724
Slovak Republic 0.933 1 0.846 0.776
Hungary 0.791 0.846 1 0.912
Romania 0.724 0.776 0.912 1

Relative Temperature Deviation

Czech Republic Slovak Republic Hungary Romania
Czech Republic 1 0.793 0.705 0.533
Slovak Republic 0.793 1 0.859 0.644
Hungary 0.705 0.859 1 0.691
Romania 0.533 0.644 0.691 1

Net Cross-Border Electricity Flow

Czech Republic Slovak Republic Hungary Romania
Czech Republic 1 -0.814 -0.392 -0.102
Slovak Republic -0.814 1 -0.038 0.011
Hungary -0.392 -0.038 1 -0.559
Romania -0.102 0.011 -0.559 1

Source: Author’s Computation
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