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Abstract
In 2022, Europe experienced exceptionally high electricity prices. Diversifying the
electricity mix, reducing import dependence, and increasing reserve capacity are
commonly recommended strategies to enhance energy security and mitigate elec-
tricity price shocks. This thesis examines the relationship between these strategies
and electricity price behavior across individual bidding zones during the 2022 Eu-
ropean energy crisis. The results indicate that none of the strategies had a statis-
tically significant effect on electricity prices, contrasting widely held assumptions.
This outcome is likely attributable to the price-setting mechanism and extensive
cross-border electricity trade, which weaken the influence of national-level strategies.
Furthermore, the findings show that countries with electricity systems dominated
by dispatchable renewable sources, such as hydropower, tended to experience lower
electricity prices, whereas countries with a high share of gas-fired generation faced
higher prices. To draw more general conclusions about the effectiveness of energy se-
curity strategies, further analysis of additional crisis periods is needed. Nonetheless,
these results suggest caution in assuming that commonly recommended energy se-
curity strategies consistently improve electricity affordability, an essential dimension
of energy security.

Keywords: Energy security, Diversity, Import dependence, Spare capacity, Electric-
ity price, Energy crisis, SWI, Stirling index.
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1
Introduction

The security of energy supply has long been understood as a foundation for economic
stability and prosperity. A wide range of economic activities are dependent on a
steady flow of energy for essential functioning. Disruptions to this flow can have
severe consequences for the economy and public welfare. Although the concept of
energy security lacks a universally agreed-upon definition, it is widely used in both
academic literature and political discourse to describe the challenges of ensuring
access to reliable and affordable energy over time [2]. Some energy security literature
incorporates many perspectives in its analysis [3], but the core of the concept is
often condensed to the ability of an energy system to meet the energy demand at
an affordable price [4][5].

Many strategies have been put forth to enhance energy security. A 2015 survey [2]
identified several commonly cited approaches, including diversifying energy sources
and supply chains, enhancing the resilience of energy infrastructure and improving
energy efficiency. Governmental action play a key role in the deployment of these
strategies through energy planning, regulation, diplomacy and distribution of infor-
mation. Energy security indexes can be used to gauge energy security performance.
These indexes often have a specific focus and methodology, and typically aggregate
several different metrics (e.g., fuel import dependence and energy mix diversity) into
a single composite measure of energy security. Example of such indexes being: "In-
dex of U.S. Energy Security Risk" and the "International Index of Energy Security
Risk". Due to the multitude of methodologies used to construct such indexes, direct
comparisons can be challenging [2].

One of the most cited strategies for energy security is increasing the diversity of the
energy system [6][7][5][2]. The general idea is that by diversifying assets or supply
chains, one becomes less vulnerable to disruptions from one single source. In essence,
it is best to avoid putting ’all eggs in one basket’, as the famous proverb goes. It is
not always explicit what the ’baskets’ consists of. It could for example refer to fuel
sources, fuel types, technology type, power generation or generation capacity. The
strategy is sometimes linked to financial asset theory, where risk-minimization can
be achieved by spreading risk between assets with different characteristics [7]. Other
proposed strategies include reducing reliance on imports from external systems and
maintaining reserve capacity to compensate for generation losses caused by supply
shocks or outages [8].

This thesis investigates the extent to which general energy security strategies imple-
mented prior to the 2022 energy crisis influenced electricity prices during the crisis.
This is achieved by quantitatively assessing these pre-crisis strategies and analyzing
their relationship to electricity price behavior across the European bidding zones
shown in Figure 0.1.
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1. Introduction

1.1 The European Energy Crisis 2022
Already in the second half year of 2021 the natural gas prices started to rise [9].
When the Russian invasion of Ukraine happened on the 24th of February 2022,
Europe entered a time with extraordinary high electricity prices. This event will in
this thesis be referred to as the energy crisis of 2022. The geopolitical tensions caused
by the war had major impacts on the energy imports to the EU and other European
countries [10]. In 2017, 39% of the coal and natural gas and 30% of the oil imported
to the EU came from Russia. In response to the Russian invasion of Ukraine, the
EU adopted sanctions prohibiting the import of oil and coal from Russia [11]. The
import of natural gas to Europe also decreased with around 80% from the invasion
day until the end of the year [12]. The rapid abandonment of Russian energy sources
caused a shortage of supply that increased both the gas and electricity prices. In
August 2022, the EU gas price reached its peak of 340 €/MWh [9]. Another factor
that also influenced the electricity prices in Europe during this time was technical
problems with the French nuclear reactors. These problems impacted numerous
reactors and reduced nuclear electricity production in France by approximately 100
TWh in 2022 [13], more than the total annual electricity generation in Belgium
that same year [14]. The sabotage of the gas pipeline Nord Stream on the 26th of
September 2024 did not impact the situation directly since the gas supply by the
affected pipes already was cut off [12].

1.2 Aim and Research Questions
This study investigates the extent to which key energy security strategies influenced
electricity prices during the 2022 energy crisis. The analysis focuses on three main
strategies: diversification of generation resources, reduction of import dependence,
and expansion of spare capacity. In addition, three system characteristics are in-
cluded to support and deepen the analysis. These characteristics are: the share
of variable renewable energy (VRE), the share of dispatchable renewable energy
(DRE), and the share of natural gas. They were selected due to their perceived
impact on electricity price formation.

How these strategies and system characteristics impact the electricity prices is as-
sessed through an empirical study, where price levels and volatility are compared
between a reference non-crisis year and a crisis year. This research is expected to
generate insights about importance of these strategies and how to better prepare for
future disruptions. The thesis hypothesis and corresponding tests can be summa-
rized as following:

Hypothesis 1: Electricity systems with more diverse generation capacity, lower
import dependence, and higher spare capacity were on average more resistant to
electricity price shocks during the 2022 energy crisis.

Motivation 1: Answering this question will contribute with knowledge to the
more general question if commonly cited energy security strategies actually enhances
energy security.
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1. Introduction

Test 1: Identify statistical relationship between metrics reflecting the energy se-
curity strategies for European bidding-zones, and the experienced electricity price
behavior.

Hypothesis 2: The share of renewable energy and the share of natural gas in the
electricity mix influence electricity prices and price volatility during an energy crisis.

Motivation 2: Renewables and natural gas have distinct operational and cost
characteristics that influence electricity price dynamics. During an energy crisis,
these structural characteristics may amplify or mitigate price increases and price
fluctuations.

Test 2: Identify statistical relationships between the share of renewables, share of
gas and electricity price behavior.

1.3 Scope
The temporal boundaries of this study include the years 2019 and 2022, representing
a non-crisis reference year and a crisis year, respectively. The year 2019 was selected
due to its relative market stability, working as a baseline for comparison with the
volatile conditions in 2022. The analysis is limited to European bidding zones where
data is available in the ENTSO-E database. These zones form the basis of the
comparative analysis and allow for regional variation in system characteristics and
strategy approaches to be captured.

The project scope will only include electrical power generation and usage, and will
thus exclude any analysis of primary fuel imports and non-electrical energy con-
sumption in other sectors such as heating, industry and mobility. However, these
excluded factors may indirectly influence electricity price as acknowledged in the
introduction.

The analysis is quantitative in nature, using statistical methods to evaluate the re-
lationship between selected energy security strategies and electricity price behavior.
It does not include qualitative assessments of policy implementation or institutional
factors, although such aspects are recognized as important in the broader discourse
on energy security. Finally, this study is based on historical data and does not at-
tempt to make future projections or policy recommendations beyond the empirical
insights generated.
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2
Theory

This chapter will establish the theoretical foundation for the study. It includes a
review of scholarly work which supports and inform the research objectives. Topics
include energy security, descriptions and quantification of energy security strategies,
electricity price metrics, and sources referencing electricity price formation and elec-
tricity markets.

2.1 The Electricity Market
Since the deregulation of many of the world’s electricity markets in the 1990s, these
markets have evolved to deliver cheaper and more reliable electricity to consumers
[15]. The planning for setting electricity prices for the operation hour begins the day
before, in the day-ahead market. The system operators provide forecasts regarding
the upcoming day about expected load, weather conditions, and other important
information. The power producers then bid in their capacity and operating costs
for the next day to the electricity markets. In many European countries, power
producers submit their bids to electricity markets that are integrated across borders,
e.g. in the Nord Pool market [16]. The operating cost consists of a start-up cost,
minimum load-cost and a cost for higher load-levels [15]. All the bids are reviewed
and the generators with the lowest running cost are selected until the expected
demand is met. This is called the merit order effect and is illustrated in Figure 2.1.
The price is decided by the cost of producing one extra MWh. This is called the
marginal cost of electricity.

Figure 2.1: Illustration made by the authors (in Canva) depicting how electricity
prices are determined through the merit-order effect.
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2. Theory

All of Europe is divided into different bidding zones (as shown in Figure 0.1), which
are geographical areas where electricity is bought and sold at a uniform price on the
wholesale market [1]. In general, this division follows the national boarders with
a few exceptions. The Scandinavian countries and Italy have several price zones
within their countries and Northern Ireland is included in the Irish price zone. The
microstates in Europe are all absorbed into neighboring countries price zones.

The grid capacity does not affect the electricity prices inside a bidding zone [17].
However, when electricity is traded in between price zones the transmission capac-
ity is a limiting factor. If the transmission cable is congested between two prices
zones, the zones have different electricity prices. This means that with unlimited
capacity on the transmission cables the price would be equal everywhere. So, as the
transmission capacity between two price zones increases, the price difference evens
out. Historically the general direction of the electricity flows in Europe has been
from north to south [18].

2.1.1 Energy Policies Affecting Electricity Prices
To address the high electricity prices during 2022, the implementation of price caps
and other market regulations were explored by many countries [19] [20]. In February
2023, the European Union implemented a natural gas price cap mechanism to limit
the natural gas prices to 180 €/MWh. This mechanism has never entered into
force, as gas prices never reached the set cap post implementation. On the Iberian
peninsula, regulatory action moved more swiftly [21]. On 15 June 2022, a price cap
for gas and coal was implemented in Spain and Portugal. This was exclusively for
natural gas and coal used for power generation purposes. The policy was partly
financed by reducing the profit margin for plants with cheaper operating costs, such
as wind, solar, hydro and nuclear. It is difficult to determine the exact effect of this
policy, however it is clear that it reduced the electricity prices in both Spain and
Portugal.

2.2 Energy Security
Since the beginning of the 20th century, the global primary energy consumption has
increased almost fifteen fold [14]. The increased energy consumption has occurred
alongside global economic growth and population expansion. Today, energy use in
various forms and has become an intrinsic part of all sectors of human society. En-
ergy security has become a concept which relates to these streams of energy flows
[22]. Energy security does not have an explicit definition [2], but it is commonly cited
as referring to the uninterrupted flow of energy at an affordable price [4]. Another
common interpretation of energy security is that it includes the dimensions of afford-
ability, availability, and acceptability [22]. Where affordability is about the cost of
electricity. Availability is to make sure the supply cover the demand. Acceptability
is about making sure the environmental and social aspects meet the requirements.
Some studies measure energy security with more comprehensive indexes which are
based on several aspects that are usually considered important. Diversity, import
dependence and geopolitical stability are common parameters in different energy
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2. Theory

security indexes trying to capture energy security [10] [23].

The disruptions of an energy system come from many different sources [3]. For
example, extreme natural events; resource depletion; political embargoes; malev-
olent exercise of market power; market volatility; sabotage and terrorist attacks;
regulatory changes; variations of climate; technological change; failures of energy
infrastructure; demand outgrowing supply. In the following three subchapters, we
examine three key strategies commonly associated with energy security: diversity of
generation, import independence, and spare capacity. For each strategy, we explore
its theoretical foundations and discuss its potential implications for electricity price
formation.

2.2.1 Diversity in Energy Systems
Diversity of generation sources has long been accepted as an important parameter for
the robustness of an electricity system [22]. The underlying logic is to minimize the
risk of disruptions from any single source by diversifying the portfolio of generation
assets. To what extent diversity increases the energy security has been more difficult
to determine. This is in part because the concept of diversity can be measured and
interpreted in several different ways [24].

The concept of diversity can be broken down into three aspects: variety, balance and
disparity [25]. Variety is in the context of electricity systems how many different
types of power generation sources there are in the system. The balance reflects the
relative contribution from the sources. Lastly, disparity is how technically different
the sources are. For instance an oil plant is more similar to a coal plant than a wind
farm in the sense that coal and oil plants are driven by fuel and emit CO2. For power
generation sources the disparity is a subjective measurement and is not considered
in the most frequently used diversity indexes called Shannon-Wiener index (SWI)
and Herfindahl-Hirschman index (HHI).

The SWI is today used for assessing diversity in many different fields [24] and orig-
inates from the field of ecology [26]. In the energy security field it has been used
since 1994 [24]. The strengths of this diversity index is that it starts from zero and
has declining growth for each equally large added source. This reflects a decreasing
value for each added source. For example going from 1 to 2 equally large sources
increases the diversity more than adding a fifth source to a system already consisting
of four equally large sources. The formula for the SWI is:

SWI = −
n∑

i=1
Si ∗ ln(Si)

Where:

n : Number of generating sources
Si : The percentage share produced by the specific source

8



2. Theory

The HHI is mostly used in economics to measure concentration of portfolios [24].
HHI was first used in ecology where it is more known as Sampson Index. The HHI
starts at 1 (or 10000) for systems with no diversity and reduces as more sources is
added. Therefore, a low HHI means high diversity. Similar to the SWI the HHI also
gives declining effects for each added source. Using the inverse of the HHI is also
common in energy studies [27]. The formula for the HHI is:

HHI =
n∑

i=1
S2

i

Where:

n : Number of generating sources
Si : The percentage share produced by the specific source

For SWI and HHI it is assumed that all categories are equally different, or in other
words, have same disparity [28]. To capture the disparity of the electricity system
the Stirling index can be used [25]. This index were developed by Stirling for en-
ergy systems in 1998. The disparity values are based on the dissimilarity between
inherent technical attributes for example, fuel type, operation pattern and costs
structure. The disparity value is always between 0 and 1. The value zero means
identical technologies (which in that case should have been same category) while 1
means completely different technologies. Since the disparity values are subjective
and can be assigned in many different ways, transparency in this process is of high
importance. This can be done either by using a dendrogram or by assigning a value
between 0 and 1 for each attribute considered. The disparity value is then equal to
the distances between the technologies in an Euclidean space where each dimension
represents an attribute considered, as shown in Equation (2.1). Finally, the dispar-
ity values are normalized to avoid increasing the impact of disparity in relation to
variety and balance for each added attribute as in Equation (2.2).

dij =
√

(αi
1 − αj

1)2 + (αi
2 − αj

2)2 + · · · + (αi
n − αj

n)2 (2.1)
where:

αi
1 : is the assigned value for technology i for attribute 1

αj
1 : is the assigned value for technology j for attribute 1

Stirling Index =
n∑

i,j=1
i<j

dijSiSj (2.2)

Where:

n : Number of generating sources
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2. Theory

Si : The percentage share produced by the specific source
Sj : The percentage share produced by the other specific source
dij : The dissimilarity between the generation sources (disparity value)

In the few previous studies it has not been found that diversity reduce the electricity
price. In Kenya, a diverse generation mix was actually associated with an increase
in electricity prices [29]. In this case, it is important to note that a different price-
setting mechanism is used in Kenya in contrast to Europe. In USA (1973-82 &
2003-12) the diversity seems to be uncorrelated to the electricity price during crisis
years [7][30].

2.2.2 Import Dependence
Historically, reducing the import dependence has been the main strategy to increase
the energy security and reduce risks related to geopolitics for example, embargoes
or wars [3]. Diversifying the import to different fuels and importing from different
nations has also been seen as a valid method to reduce the vulnerability from un-
expected events. Domestic production means more control over the sources which
reduces the the risk of supply disruptions, however problems can occur for domestic
production as well [10]. As the affordability of solar and wind has improved, the
options for countries to reduce their import dependence have expanded [24].

In the context of energy security, import dependence usually refers to relying on
importing fuels such as coal, oil and gas [3]. However, import of electricity can
also be of importance for the energy security. For example, Lithuania imports
two thirds of their electricity, which might be problematic from an energy security
perspective since electricity shortage in neighboring countries are likely to heavily
increase electricity prices in Lithuania [31]. On the other end, the lack of generation
in Lithuania can increase the electricity prices in neighboring countries [17]. EU
countries have no legal right to limit the use of existing transmission capacity to other
countries [32]. This means countries have limited abilities to keep the electricity
inside their borders and are therefore affected by cross-country connections.

In Kenya from 2008-2018, the amount of imported electricity correlated positively
with electricity prices [29]. In the USA, during the energy crises of the 1970s and
2000s, the net trade of electricity was found to be uncorrelated with electricity prices
[30]. The formula used to calculate the import dependence metric Proportion Export
Import (PEI) for net importers is [29]:

PEI = Net Import
Total Consumption

and for net exporting countries:

PEI = -Net Export
Total Generation

10



2. Theory

2.2.3 Spare Capacity
Spare capacity is the difference between the maximum capacity and what is actually
generated [8]. This represents the available reserve capacity. The unused capacity
can be used in case of unexpected events such as plant failures or fuel disruptions,
where it can fill the generation gap and maintain function of the system. In the 2012
paper from Molyneaux et. al. [8], spare capacity from thermal power generators
were assumed to have a max capacity factor of 90%, this includes a 10% reduction
to account for maintenance and outage-related losses. Variable renewables were
assumed to always operate at their available capacity, due to their low operating
costs, and will therefore by definition have no spare capacity. Spare capacity usually
only include generation capacity, but it could be expanded to also include transport
capacities for fuels [30]. This would capture the resilience against fuel-shortages due
to disruptions in the supply chain or other reasons.

The cost of spare capacity is paid by the increased investment cost of having excess
capacity in the power plants [29]. Spare capacity might therefore increase the sys-
tem costs, but will protect against price spikes when system is disrupted from e.g.
supply shocks or unplanned outages. In a study from Kenya [29], spare capacity was
found to correlate both positively and negatively with electricity prices depending
on the type. Spare capacity from thermal and hydro-power correlated with increased
electricity prices, and vice versa for geothermal. The formula for spare capacity is
[7]:

Spare Capacity =
∑n

i=1 ((GWi · hours) · CFi − GWhi)
GDPR

Where:

GWi : Installed capacity from source i (in gigawatts)
CFi : Maximum annual capacity factor for the source i
GWhi : Electricity generated from source i (in gigawatt-hours)
GDPR : The real gross domestic product
hours : 8760 hours (hours in a year)

2.3 The Effect of Renewables and Gas
The share of renewables has increased in Europe over the last decades [33]. In
general, this is expected to reduce the electricity prices [34]. How this increase
of renewables will influence the energy security and the electricity prices during a
crisis is more uncertain. There are indications that renewables could contribute
to resilience. Because renewable energy sources do not require any fuel, adopting
them can decrease vulnerability to fuel price shocks [24]. Renewables have not
only reduced the import dependence but also increased the diversity of electricity
generation in European countries since 1990.
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2. Theory

A 2025 study [33] indicated that European countries with more decarbonized elec-
tricity generation are not in general more vulnerable to natural gas price increases.
On the other hand, countries with intermittent renewables are more vulnerable,
probably because the flexibility from gas plants is used to stabilize the intermit-
tency from the variable renewables. Another 2025 study [34] uses energy system
modeling to show that renewable energy deployment can protect economies from
fossil fuel price shocks, even when demand and weather variability are accounted
for, suggesting an overall stabilizing effect on electricity prices.

As already mentioned, the electricity price is set by the most expensive generating
source, and gas has a very high operation costs [35]. This means that if gas is running
it is likely to set the electricity price. This also explains how fluctuations in gas price
can influence the electricity price in electricity systems relying on gas. There are
studies showing, for example, that the presence of solar and wind generation in the
system can help mitigate price increases following nuclear shutdowns [36]. However,
this can indicate that some specific types of diversification can reduce the electricity
prices rather than diversification in general.

2.4 Price Variability
Price variability is the simple observation that prices fluctuates across time. This
variability can be measured in many different ways, capturing different dynamics. A
system might exhibit high hourly price fluctuations without significant daily variabil-
ity. Determining the relevant type of variability requires identifying its importance
from an energy security standpoint.

Hourly price variability is often seen as less relevant from a macroeconomic per-
spective than long periods of high prices [37]. The EU electricity market design
regulation from 2024 qualifies an energy crisis as "very high average prices in whole-
sale electricity markets of at least two and a half times the average price during the
previous 5 years, which is expected to continue for at least 6 months" [38]. In other
words, only increased hourly variation with a minor change in average daily prices,
would not qualify. It is instead implied that the duration and magnitude are of most
importance.

Price variability in power markets is influenced by several factors, including demand
fluctuations, fuel costs, and weather conditions [37]. A 2022 study investigated the
impact of increasing renewable energy shares on electricity price variability in day-
ahead markets [39]. It found that high renewable energy penetration can lead to
lower spot prices due to extremely low operation costs, but larger shares can lead
to significant price differences due to solar and wind variability. Other research
has found renewable deployment can promote electricity price stability in the face
of increasing gas prices. [37]. Simulations of electricity price dynamics in the EU
power market found that increasing the renewable energy share could lower average
electricity prices by 26 %, while price spikes may decrease by 20 %.

In the simulation study, the authors use two metrics to capture price variability [37].
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2. Theory

The first is the standard deviation, a common measure of variance for stochastic vari-
ables. However, this metric has certain analytical limitations, as it is influenced by
both the mean value and the variation. This measurement can however have certain
analytical drawbacks. For one, the parameter depends on both mean value and the
variation. The same absolute price fluctuations in systems with different means,
will yield two very different results, making comparisons difficult. To address this
issue, the authors also use percentiles. The 85th percentile (P85) represents high but
relatively frequent prices, while the 95th percentile (P95) captures extremely high
yet infrequent prices. According to the authors, these percentile based metrics are
better suited to reflect the concerns of policymakers and the interests of consumers.
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3
Method

The methodology chapter will relay the structural procedure for answering the re-
search questions. The thesis is a quantitative empirical study. The hypothesis
will be tested by the collection, manipulation and analysis of historical data. The
methodology is described in the following three parts: data collection; defining key
variables; statistical analysis.

3.1 Data Collection
The study will be based on electricity market data from the database of ENTSO-
E [1]. All relevant data will be gathered for all available European bidding-zones.
Table 3.1 summarizes the collected data and indicates the source database for each
entry. All subsequent metrics and variables are derived from this data.

Data Category Time Sources
Electricity Prices 2022 and 2019 ENTSO-E
Load 2022 and 2019 ENTSO-E
Generation Capacity 2022 and 2019 ENTSO-E
Electricity Import 2019 ENTSO-E
Electricity generation 2019 ENTSO-E
Peak demand 2019 ENTSO-E

Table 3.1: All data collected for the calculations in the analysis. The time resolu-
tion is usually hourly, however some countries report data every 15 minutes.
The spacial boundaries can be seen in Figure 0.1 and includes all bidding-zones in
Europe with available data from the ENTSO-E. Spain and Portugal are excluded
from the scope due to their implementation of a market distorting policy which led
to artificially low prices. To ensure consistency and comparability, this study will
focus exclusively on day-ahead wholesale prices from the ENTSO-E database.

In some rare cases, the data for generation and capacities are not compatible, for
instance some bidding zones have generation without corresponding installed capac-
ity. This lack of data, for example, affects the spare capacity results for Sweden and
Norway and possibly other bidding-zones. However, the study will be based on data
provided by the database and, based on our assessment, these potential errors are
unlikely to significantly affect the overall results.

All our data are processed in either Excel or Python. Aside from simple calculations,
these tools is also used to e.g. handle missing data. When missing data occurs in
a data time series, it is either set to the value of the previous hour or removed
depending on how it best preserves the integrity and accuracy of the analysis. If,
for example, it is a sum, the data point is set to the same value as the hour before.
But when resampling hours to days in a yearly time price series, the missing hours
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are instead set as "Not Available", after which the resampling ignores the missing
value. The average daily price is then calculated with the data points remaining,
without causing a misalignment.

3.2 Definition of Key Variables
This section presents all variables used in the upcoming models, beginning with the
outcome variables, followed by the independent variables. The subsequent subchap-
ters outline the computation method together with a brief interpretation of every
variable.

Variable Description Unit

Price Metrics

Price Increase Annual electricity price increase between
2019 and 2022

€/MWh

P95 Daily price level exceeded only 5% of the
time

€/MWh

CV (Coefficient
of Variation)

Standard deviation divided by mean –

Explanatory Variables

SWI (Shannon-
Wiener Index)

Measures diversity of generation capac-
ity 2022

–

Stirling Index Measures diversity of generation 2022
while accounting for technological dis-
parity

–

PEI (Proportion
Import Export)

Proportional share of imports or exports
from 2019

%

SP (Spare Ca-
pacity)

Average unused generation capacity
2019; normalized by peak-demand

MWh/h

Share VRE Share of variable renewable generation
2019 (e.g., wind, solar)

%

Share DRE Share of dispatchable renewable gener-
ation 2019 (e.g., hydro water reservoir,
biomass)

%

Share Gas Share of electricity generation from gas
2019

%

Control Variable

Load Change in load MWh
Table 3.2: Summary of all key variables
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3.2.1 Price Increase
To measure how resistant a system is to price shocks a baseline to compare with is
needed. Comparisons can be made from a reference year, or a running average of a
set of reference years. The change in price can then be calculated in either percentage
or an absolute increase with all currencies converted to Euro. Both methods have
their own advantages. Percentage change will reveal the systems resilience in a
comparable manner. However, with percentage increase the past performance has
very high impact. Using absolute price increase will to some extent capture both
the resilience, since it is a comparison, and the affordability, since it is measured in
Euros, of the system. There is also a question if the absolute price is similar in effect
for all countries. Countries with lower income generally have a lower purchasing
power, which could correspond to a more severe effect per Euro increase. This is
true, but since only European countries are analyzed, we hereon assume that they
are not drastically different and consider them to be comparable.

For this calculation, the forecasted day-ahead wholesale electricity prices were used.
The electricity price in each time step were multiplied by the share of electricity
consumed that hour in relation to the consumption of the year. This is usually re-
ferred to as load-weighted electricity price. The load-weighted price of the reference
year were then subtracted from the load-weighted price of the crisis years, which
gives the price increase. If the data is reported in another currency than Euro, the
average yearly exchange rate was used to convert the electricity price to euros. The
final value represents the annual price increase of a MWh electricity.

Price Increase = Average Electricity Price2022 − Average Electricity Price2019

3.2.2 Extreme prices - P95
The 95th percentile of the daily prices (P95) was used to capture the magnitude of
extreme prices. The P95 is calculated from the the annual daily price distribution,
and revealed the price level which is exceeded only five percent of the days. The
calculation process of P95 is similar to how the median is calculated. The median
is equal to the 50th percentile.

P95 = P⌈0.95·n⌉

where:

• If Pt represents the electricity price on day t

• The set of daily prices {P1, P2, ..., Pn} is sorted in ascending order, P(1) ≤
P(2) ≤ · · · ≤ P(n).

• ⌈·⌉ denotes the ceiling function, which rounds up to the nearest integer.

For all bidding zones, the outcome variable P95 is defined as:
∆P95 = P952022 − P952019
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3.2.3 Price Volatility - CV
For measuring price volatility, two key methodological choices were made. First, we
calculated annual price volatility using daily resolution to avoid capturing hourly
fluctuations. Since most consumers are less affected by hourly variation, we argue
that daily price variance offers a more relevant perspective. Second, we normalized
volatility by the annual mean price, as volatility otherwise scales with the mean.
This mean-adjusted volatility, known as the coefficient of variation (CV), better
supports comparison across different systems. We used the following formula:

CV = σP rice

µP rice

= Standard Deviation
Mean

This provided a relative measure of price volatility, making it useful for comparing
volatility for bidding zones with different average electricity prices. Finally, the
difference between reference year and crisis year was calculated which was the value
used in the analysis.

∆CV = CV2022 − CV2019

3.2.4 Diversity of Capacity - SWI
The diversity of the electricity systems was based on the installed capacities rather
than the actual generation since the capacities are independent of the crisis. The
installed capacity of generation is a measure of potential power output and not what
is feasible to generate in energy over a year. The capacity thus needed to be ad-
justed in order get a sensible comparison between the generator types, for example
fuel-based generation can be used almost always while intermittent renewables are
limited by weather conditions. To make sure the capacities of the generation better
reflects the possible electricity output, all the capacities were multiplied by a general
availability factor for the specific generation source according to Table 3.3.
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Generation Type Availability Factor Motivation Source
Biomass 0.95 Restricted by maintenance [40] [41]
Fossil brown coal 0.95 Restricted by maintenance [40] [41]
Fossil coal-derived gas 0.95 Restricted by maintenance [40] [41]
Fossil gas 0.95 Restricted by maintenance [40] [41]
Fossil hard coal 0.95 Restricted by maintenance [40] [41]
Fossil oil 0.95 Restricted by maintenance [40] [41]
Fossil shale oil 0.95 Restricted by maintenance [40] [41]
Fossil peat 0.95 Restricted by maintenance [40] [41]
Geothermal 0.86 European average capacity factor [42]
Pumped hydro 0.00 Net consumer of electricity
Run of river 0.44 European average capacity factor [42]
Hydro water reservoir 0.44 European average capacity factor [42]
Marine 0.30 Default value
Nuclear 0.95 Restricted by maintenance [43]
Other 0.95 Restricted by maintenance [40] [41]
Other renewables 0.30 Default value
Solar 0.10 European average capacity factor [42]
Waste 0.70 Average over plant lifetime [44]
Wind off-shore 0.42 Global average capacity factor [45]
Wind on-shore 0.21 European average capacity factor [42]

Table 3.3: Values used for adjusting the capacity to reflect the possible output of
electricity of the capacity mix. Default values were used if the uncertainty of the
availability factor is high and the amount of data in the category were low.

This gave all biding zones an adjusted capacity for all generation types the year 2022.
The values were then converted to percentages of the total share. The percentages of
the capacity mix were then calculated by Shannon-Wiener formula for each bidding
zone. This value represented the diversity of the capacity mix.

SWI = −
n∑

i=1
Si ∗ ln(Si)

Where:

n : Number of generating sources
Si : The percentage share produced by the specific source

For both SWI and HHI the level of detail of the generation categories will impact
the result. When labeling the categories it is important to consider which generation
sources are different enough to be separate categories and which generation has such
low impact that they can be included in another category or counted as "other" [28].
SWI and HHI are very similar, however the indexes put slightly different emphasis
on variety and balance [24]. Because of the high similarity no analysis with HHI
were conducted.

18



3. Method

3.2.5 Diversity of Capacity - Stirling
To investigate a deeper dimension of diversity, Stirling index were also calculated.
The percentage shares of the capacities of each generation types was calculated
in exactly the same way as for the SWI. However, the disparity values for the
generation types had to be calculated as well. The Euclidean space approach was
selected to calculate the disparity values since this method is more systematic and
transparent [25]. The attributes should ideally be relatively few while still being
able to highlight the differences and reflect how the generation types are used in the
electricity system. The attributes of dispatchability, operation cost and fuel driven
were selected to represent the differences of the generation types. Dispatchability
includes both the ability to chose running load and to quickly ramp up or down.
Operating cost captures the relative cost of running each generation source. Being
fuel driven means that buying fuel is needed which is connected to energy security
in the sense that these technologies are vulnerable to price increases on fuel. This
attribute is binary, 0 for no and 1 for yes, however, the category Other Renewables
can in some cases include biomass and therefore was assigned the value of 0.1. Each
generation type was then given a value from 0 to 1 for each attribute. These values
were estimated to the best of our knowledge. The distances were calculated for
all types and attributes in a Euclidean space and were finally normalized using
minimum-maximum normalization.

Figure 3.1: Visualization of the differences between generation types based on
dispatchability, operation cost and fuel driven. The accuracy of the values are
limited by our knowledge.

The distances were calculated with this formula:
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dij =
√

(αi
1 − αj

1)2 + (αi
2 − αj

2)2 + · · · + (αi
n − αj

n)2

Where:

αi
x : is the value of the attribute x for option i.

The distances were then normalized to ensure a fair balance between variety balance
and disparity.

Source Biomass Coal Gas Hydro Nuclear Solar Wind
Biomass 0 0.08 0.26 0.62 0.25 0.81 0.80

Coal 0.08 0 0.24 0.65 0.27 0.80 0.80
Gas 0.26 0.24 0 0.74 0.50 0.98 0.98

Hydro 0.62 0.65 0.74 0 0.63 0,.54 0.53
Nuclear 0.25 0.27 0.50 0.63 0 0.67 0.66

Solar 0.81 0.80 0.98 0.54 0.67 0 0.01
Wind 0.80 0.80 0.98 0.53 0.66 0.01 0

Table 3.4: Shows some of the final normalized disparity values. Coal = Fossil hard
coal, Gas = Fossil Gas, Hydro = Hydro water reservoir, Wind = Wind onshore.
Full disparity matrix can be found in Appendix C.

These disparity values were then used in the Stirling formula to get the Stirling
index.

Stirling Index =
∑
i<j

dij(Si · Sj)

where:

dij : is the disparity value of technology i and j
Si : is the percentual proportion of source i in the system.
Sj : is the percentual proportion of source j in the system.

3.2.6 Spare Capacity - SP
The spare capacity represent available unused capacity. The spare capacity was
calculated from conventional fossil plants, biomass and nuclear. The spare capacity
from hydro power were excluded mainly because it is difficult to estimate. Doing
this in a precise way would require plant specific data regarding storage capacities
and water inflow to investigate if there is water available where it is unused turbine
capacity. Geothermal spare capacity was also exluded since only one bidding zone
(IT-CN) had a significant share of geothermal power in the electricity mix and the
capacity factor was very high anyway. For the spare capacity calculation, all data
were from 2019. The formula used based on Molyneaux et. al. [7] was:
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SP =
∑n

i=1

(
MW cap

i ∗ Availability Factor − ¯MW
gen
i

)
MW Peak demand

Where:

n : the n:th generation type.
MW cap

i : is the installed electricity generation capacity.
¯MW

gen
i : Average power generated generation type.

MW Peak demand : the maximum power demand during the year.
Availability Factor: Adjustment to capture the maximum annual capacity, values
from Table 3.3.

If the availability factor was lower than the actual output the formula gave negative
spare capacity, however in these cases the spare capacity was set to zero. Using peak
demand, rather than GDPR as in the original formula, has two major advantages.
Firstly, the measure is directly connected to demand, and secondly using GDPR for
bidding zones that are not countries are complicated.

3.2.7 Proportion Export Import - PEI
The variable PEI represents a bidding-zone’s self sufficiency of electricity production.
PEI is the proportion of electricity that is imported or exported, according to the
following formulas.

For net importing price zones:

PEI = -Net Import
Total Consumption

and for net exporting price zones:

PEI = Net Export
Total Generation

The formula uses the net electricity trade balance, and divides it by either load (if
net importer), or by generation (if net exporter). An advantage with taking net
import/export values is that electricity that only flows through a bidding zone will
not be accounted for. The index was calculated for all price zones using 2019 data.
This was done to have it as an independent variable from the crisis year, where it will
represents if a bidding-zone prior to the crisis were a net exporter or net importer.

3.2.8 Renewables, Gas and Load
Other independent parameters calculated were the share of DRE, VRE, and gas.
These calculations were based on the actual generation 2019. The generation from
each category was summarized and divided by the total generation.
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Generation Type DRE VRE Gas
Biomass X
Fossil coal-derived gas X
Fossil gas X
Geothermal X
Run of river X
Hydro water reservoir X
Marine X
Other renewables X
Solar X
Wind off-shore X
Wind on-shore X

Table 3.5: Categorization for the generation types.

The control variables for load were calculated based on day-ahead forecasts. The
purpose of the control variable is to see if changes in price could be explained by
changes in demand. This variable should not be seen as an independent variable
since price and load stabilizes each other. One load metric for each dependent
variable was calculated in exactly the same way as the dependent variable - but
with demand instead of price. The control variables were:

• Load Increase: Increase in average daily electricity demand between 2019
and 2022 (MWh)

• Load P95 Increase: Increase in the 95th percentile of daily loads between
2019 and 2022 (MWh)

• Load CV Increase: Increase in daily load coefficient of variation between
2019 and 2022 (–)

3.3 Statistical Analysis - OLS
After defining the variables a statistical framework was needed to identify any poten-
tial relationships. One common method is Ordinary Least Squares (OLS) regression
[46]. OLS estimates the extent to which independent variables (for example, diver-
sity) influence the dependent variable (for example, electricity price) [46, p.8]. The
main advantage of OLS is that it always produces the best linear approximation
of the relationship between variables. A regression formula with three independent
variables can be written as [46, p.13]:

yi = β1 + β2xi2 + β3xi3 + β4xi4 + εi

Where:
xi2−4 : The independent variable
yi : Expected value of dependent variable
β1 : The interception term
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β2−4 : The coefficients of the 3 independent variables
xi2−4 : The independent variable
εi : The error term representing unobserved factors that affect the dependent variable

The coefficient of the independent variables tells what impact the specific indepen-
dent variable have when the other independent variables are kept constant [46, p.13].
This is referred to as P-value. The coefficients can be used to test the null hypothe-
sis, or in other words, the possibility that the independent variable have no impact
on the dependent variable. From the model output, the most probable values of co-
efficients are given as well as ends of a confidence interval [46, p. 25]. If the value at
both ends of the confidence interval has same sign the null hypothesis can be ruled
out. This means that the impact from the independent variable on the dependent
variable is statistically significant. In our models, we set a p-value threshold of 5%.
This means that we accept a 5% risk of incorrectly rejecting the null hypothesis.

To measure how much the independent variables explain the variance of the depen-
dent variable, the coefficient of determination (R2) is used [46, p. 21]. R2 is always
a value between 0 and 1 where zero means that no variance is explained by the in-
dependent variables and 1 means that all variance is explained by the independent
variables. There is no rule of thumb or such regarding wether the R2 should be
considered high or low, that fully depends on the context [46, p. 22]. When several
independent variables are included adjusted R2 is used, because this metric also
has a punishment for adding more independent variables. Without this adjustment
adding many random independent variables will eventually result in high explana-
tory power. As a consequence of this, adjusted R2 actually can be negative however
this should be interpreted as zero explanation power.

A prerequisite for trustworthy results is that there is no problematic multicollinearity
between the independent variables [46, p 44-47]. If a independent variable is a
linear combination of another independent variable the model can not tell which
independent variable is causing the effect. To check for multicollinearity the variance
inflation factor (VIF) or Pearson coefficient can be calculated. Low levels of mutual
correlation is unproblematic. A reason to use multiple linear regression is that
explanatory variables affecting the outcome variable are mutually correlated [46,
p. 44]. By including multiple variables in the model simultaneously, it is possible to
isolate the separate contribution of each variable to the outcome, while controlling for
the influence of others. However, problems can arise if VIF and Pearson coefficient is
too high. As a rule of thumb a VIF value lower than 5 is unproblematic while a value
of 10 is certainly problematic [47]. For the Pearson coefficient a value lower than
0.5 is unproblematic while a value of 0.8 means high risk of too strong correlation.
The VIF formula for a given independent variable xik (e.g., xi2, xi3, or xi4) is given
by:

VIF(xk) = 1
1 − R2

k
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Where:
xk: the k-th independent variables in the model
R2

k: is the R-squared value from a separate regression where xk is predicted using
all the other independent variables

Heteroskedasticity is when the variance of the error terms correlate with the magni-
tude of the explanatory variable [46, p.100-102]. This can be seen when the distance
between the data points and the regression line will vary across different sections
of the model. If this effect is large it reduces the ability for the model to predict
the confidence interval in a good way. A simple method to estimate the risk of
heteroskedasticity is the Breusch-Pagan test [46, p. 109]. If the test shows high risk
a solution is to weight the observations with a GLS estimator [46, p.100-102]. The
estimator weights the observations so the ones closer to the regression line receives
a higher impact. This new weighted model does not have an interpretation by itself
but should rather be analyzed in context with the original unweighted version.

In the multi-variable OLS regression, the predictive power of all independent vari-
ables was tested against one price metric at the time. This can be complemented by
bi-variate regressions, which are done to give an idea of how the variable variance
spread looked. An overview of our statistical analysis is found in Table 3.6 below.

Analysis Type Description Purpose

Multivariable OLS
Regression (Main)

One regression for each
price metric using all ex-
planatory variables simulta-
neously (3 regressions total)

Detect joint effects and con-
trol for covariates

Bivariate OLS Regres-
sion (Complementary)

Four separate regressions,
each testing one explana-
tory variable against one
price metric

Illustrate individual rela-
tionships, variance spread
and show preformance of
bidding zones

Table 3.6: Overview of regression analyses

For the upcoming OLS-regression models, we used Python and two libraries: scikit-
learn [48] and statsmodels [49]. Scikit-learn provided a interface for regression mod-
eling, and statsmodels allowed for detailed statistical analysis, including e.g. sig-
nificance tests, co-linearity tests, and confidence intervals. This also provided the
Breusch-Pagan test for checking heteroskedasticity and Jarque-Bera test to check
the normality of the residuals.
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Results

In this section the results of the study will be presented. The initial results consist of
bivariate regression plots, where the metrics, SWI, Stirling PEI and SP are plotted
against the price increase together with a fitted regression line. Thereafter, the
main results of the multivariate OLS regression results are presented. The section
begins with two tests for multicollinearity to ensure reliable coefficient estimates.
Next, all explanatory and control variables are entered into the regression model to
assess which factors have a statistically significant impact on the price metrics, and
to evaluate how well the model explains their variation. This multivariate approach
is essential, while reliance solely on bivariate regressions risks omitted variable bias,
as excluding relevant variables can distort the estimated effects [46, p. 65]. In every
model run, the input variables are presented together with a short description of
the model setup. All model runs are all given a dedicated subchapter. In the first
analysis, the relationship between diversity of capacity and price increase will be
looked at. A summary of the two diversity metrics, SWI and Stirling Index, are
shown in map-format in Figure 4.1. On the map, a higher relative number, and
darker the blue, indicates high diversity bidding zones.

Figure 4.1: Map over bidding zones with the values of SWI and Stirling Index.
The darker shades of blue indicate high diversity.
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4.1 Price Increase vs Diversity of Capacity
In Figure 4.2, we plot the bidding-zones annual price increase against the diversity
of capacity, measured using the adjusted capacity via the SWI-method. The price
increased in all bidding zones included in the study except for NO4, the northernmost
part of Norway. In general, the northern part of Europe experienced lower prices
compared to the southern part. Finland has, according to the SWI metric, the most
diverse capacity mix with a value of 2.17, while NO5 has the least with a value of
0.54 To set these values in context, the Finnish capacity mix has nearly the same
value as a mix with nine equally large sources, while the capacity mix in NO5 is
worse/less diverse than a mix with two equally large sources.

Bidding-zones with a high diversity on average experienced a larger increase in price.
This relationship is however relatively weak, implying that diversity may have some
explanatory power, but is not statistically significant which is evident by the 95%
confidence interval. By looking at the indicated confidence interval, it is clear that
the regression does not rule out either a positive or a negative correlation between
the variables at the given confidence level. One can also note that the standard
error is larger for bidding-zones with lower diversity. Through the R-squared value
in the legend, we can see that the SWI can explain 9% of the price increase.

Figure 4.2: Regression model results showing the relationship between diversity of
capacity measured in SWI and price increase in euro per MWh.

In Figure 4.3, the diversity of capacity, using the Stirling index, is plotted against
price increase. The results show similar overall pattern, although the regression
with Stirling index is slightly less correlated with price, as indicated by the lower
R-squared. With this measurement, Austria has the most diverse capacity mix and
Italy-Sicily by far the least diverse. Both the SWI and Stirling index plot includes
many data points which have a large standard error in relation to the regression
line.
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Figure 4.3: Regression model results showing the relationship between diversity of
capacity measured using the Stirling Index and price increase in euro per MWh.

4.2 Price Increase vs Import Dependence
In Figure 4.4, the PEI variable is plotted against price increase. The regression
shows that countries that were more import dependent experienced slightly higher
electricity price increase on average. However the correlation is very weak, where
PEI metric could only explain 2 percent of the price increase. Lithuania is the
most import dependent price zone while Italy-South exports the largest share of
their generation, both at around 80%. Except for Lithuania, most countries are
concentrated around zero, where the electricity trade balance is close to zero.

Figure 4.4: Regression model results showing the relationship between proportion
export import and price increase.
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4.3 Price Increase vs Spare Capacity
When plotting the spare capacity against price increase, it can be seen that countries
with higher SP had a higher price increase on average. The variable can in this
case explain 11 percent of the price increase. The confidence interval is again too
wide to rule out either a positive or negative correlation. The bidding-zones of
northern Sweden and Northern Norway (SE1, SE2, NO4, NO3) all have close to
zero spare capacity and a low or negative price increase. When looking at the
countries, indicated by the blue color, an opposite trend can be inferred, where
high SP correlates with a lower price increase. This will be discussed later in the
sensitivity analysis.

Figure 4.5: Regression model results showing the relationship between spare ca-
pacity and price increase.

4.4 Multi-Variable Analysis
In this subchapter, all the independent variables are added to analyze their impact
on the electricity price metrics. The results are estimated using a linear regression
model, using the OLS method. The independent variables are all normalized to
standard scores (z-scores) which are based on the mean and standard deviation of
each distribution. Since the variables are normalized, the values indicate the effect
of an increase of one standard deviation has on the outcome variable. Before the
analysis, a multicollinearity analysis was conducted.

4.4.1 Multicollinearity Analysis
As discussed in the theory chapter, it is important to check all explanatory variables
for unwanted multicollinearity. It is no issue that the independent variables are cor-
related, but if they are correlated to a high degree there can be analytical problems
[46, p. 44]. We here show the Pearson coefficient matrix in Table 4.6 and the VIF
analysis in Figure 4.7.
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Figure 4.6: Heatmap showing the Pearson Correlation Coefficient for all variables

The Pearson correlation coefficients for each variable pair is shown in the form of
a heat map. A positive or negative correlation is indicated by the color scheme,
where darker blue indicates a negative correlation, and darker red indicates a strong
positive correlation. The variables are perfectly correlated with themselves as shown
by the matrix main diagonal. The variable pairs with the highest correlations are
SP and Share DRE (-0.59), and SWI and Share DRE (-0.50)

Figure 4.7: Results from the VIF-analysis

From the VIF analysis results we can see that all our variables are below the in-
dicative values of problematic multicollinearity, with all values falling in the range
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of modestly correlated (1-5). We can therefore proceed with the multi-variable OLS
regression analysis, without issues of the unreliable regression estimates from mul-
ticollinearity.

4.4.2 Regression of Price Increase
In this analysis, all independent variables are tested against price increases. The
model results are summarized in Table 4.1. The model explains 44% of the observed
increases in electricity price, as indicated by the adjusted R-squared metric. None
of the three strategies, diversity, spare capacity, or PEI, showed any significant cor-
relation with the price increases. However, the share of DRE, and the share of gas
showed a significant effect. Having a large share of DRE is correlated with a weaker
price increase. The DRE coefficient reflects an average negative price increase of
1.51 €/MWh for each percentage of DRE. Share Gas has a positive correlation with
price. The gas coefficient reflects an average price increase of 1.30 €/MWh for each
percentage of share gas.

Dependent variable: Price Increase
Independent Variable Coefficient P-value Std. Error 95% CI
Intercept 180.11 0.000 8.92 [161.89, 198.32]
SWI 1.40 0.898 10.77 [-20.60, 23.40]
PEI 1.62 0.877 10.34 [-19.49, 22.72]
SP -10.85 0.366 11.82 [-34.99, 13.28]
Share VRE 1.26 0.904 10.34 [-19.86, 22.37]
Share DRE -45.01 0.002 13.57 [-72.73, -17.29]
Share Gas 22.72 0.038 10.45 [1.36, 44.07]
Load Increase 1.69 0.865 9.87 [-18.46, 21.85]

Model Fit Statistics
Adjusted R-squared 0.44
Probability (F-statistic) <0.001
No. Observations: 38

Table 4.1: OLS Regression Results for price increase

4.4.3 Regression of P95
When explaining the variation in the increase of P95 prices (Table 4.2), only share
DRE was significant. Bidding zones with larger share of DRE did on average ex-
perience a lower increase in P95 prices. The normalized coefficient shows the best
estimate to be -66.43, but the confidence interval is rather wide, indicating the
uncertainty of the magnitude. The coefficient means each percentage share DRE
reduces the P95 with -2.23 €/MWh. In total the model can explain 28% of the P95
increase variation.
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Dependent variable: P95 Increase
Independent Variable Coefficient P-value Std. Error 95% CI
Intercept 396.96 0.000 15.41 [365.49, 428.43]
SWI -7.14 0.703 18.57 [-45.08, 30.79]
PEI -8.35 0.632 17.28 [-43.65, 26.94]
SP -16.64 0.451 21.80 [-61.17, 27.88]
Share VRE 13.75 0.435 17.37 [-21.73, 49.22]
Share DRE -66.43 0.009 23.81 [-115.05, -17.81]
Share Gas 15.16 0.408 18.07 [-21.74, 52.05]
Load P95 increase -1.96 0.911 17.33 [-37.35, 33.44]

Model Fit Statistics
Adjusted R-squared 0.28
Probability (F-statistic) 0.015
No. Observations 38

Table 4.2: OLS regression results for P95

4.4.4 Regression of CV
The regression model results of CV are presented in Table 4.3. In this model, two
of the predictors were statistically significant at the .05 level. These were the share
of DRE and the control variable, CV load increase. Share DRE is shown to have
a positive correlation, and vice versa for the control variable. The larger the share
of DRE, the larger is the expected increase of the CV. The control variable is not
independent in this case, so it is difficult to say which variable impacts who, this is
later covered in the discussion chapter. The three metrics SWI, PEI, and SP did
once again show no significance at this confidence level. The same were true for
share VRE and share gas. In total, the predictors in this analysis explained 49% of
the CV increase.

Dependent variable: CV Increase
Explanatory Variable Coefficient P-value Std. Error 95% CI
Intercept 0.36 0.000 0.03 [0.28, 0.43]
SWI 0.00 0.970 0.04 [-0.08, 0.09]
PEI 0.02 0.653 0.04 [-0.06, 0.10]
SP 0.01 0.893 0.05 [-0.09, 0.10]
Share VRE 0.05 0.187 0.04 [-0.03, 0.14]
Share DRE 0.18 0.002 0.05 [0.08, 0.29]
Share Gas -0.02 0.646 0.04 [-0.10, 0.06]
Load CV Increase -0.08 0.043 0.04 [-0.17, -0.00]

Model Fit Statistics
Adjusted R-squared 0.49
Probability (F-statistic) <0.001
No. Observations 38

Table 4.3: OLS regression results for CV
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4.5 Robustness Analysis
To assess whether the models meet the assumptions of an OLS regression, both
the Breusch–Pagan test and a normality test for the residuals were conducted. The
Breusch-Pagan test indicates that the risk of heteroskedasticity is high in all models.
The heteroskedasticity corrected models have wider confidence intervals. The result
from these models can be found in Table 4.4. The statistical significance is lost
for share DRE, in the P95 model for load CV. According to the Jarque-Bera test
all residuals seems to be normally distributed which is desired. A value below 0.05
would indicates non-normal distribution.

P-value Results from robustness check
Independent Variable Price increase P95 increase CV increase
SWI 0.919 0.691 0.971
PEI 0.912 0.637 0.685
SP 0.471 0.610 0.856
Share VRE 0.905 0.466 0.192
Share DRE 0.038 0.095 0.046
Share Gas 0.025 0.307 0.549
Load 0.909 0.921 0.054
Adjusted R-squared 0.297 0.278 0.486
Jarque-Bera test 0.595 0.214 0.591

Table 4.4: Shows the P-values for the heteroskedasticity corrected model runs.
Bold indicate that the variable is still significant while red indicates lost significance.

4.6 Sensitivity Analysis
Outliers might strongly affect the result [46, p.48-49]. From the bivariate regressions
it is apparent that hydro dominated bidding zones of northern Sweden and northern
Norway lie far from the regression line, potentially affecting it to a large degree.
As a way to see if the results are stable for different subsets of all bidding zones,
a multivariate regression is performed with price increase as the outcome variable
- this time with the mentioned outliers removed. The results of this multi-variable
OLS analysis is found in Table 4.5.
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Dependent variable: Price increase
Independent Variable Coefficient P-value Std. Error 95% CI
Intercept 200.00 0.000 6.68 [186.27, 213.73]
SWI 3.999 0.619 7.95 [-12.35, 20.34]
PEI 10.31 0.200 7.83 [-5.79, 26.41]
SP -13.31 0.104 7.89 [-29.53, 2.91]
Share VRE 2.92 0.717 7.96 [-13.44, 19.28]
Share DRE -8.18 0.366 8.90 [-26.48, 10.11]
Share Gas 24.99 0.003 7.50 [9.56, 40.41]
Load Increase -0.94 0.902 7.56 [-16.47, 14.59]

Model Fit Statistics
Adjusted R-squared 0.297
Probability (F-statistic) 0.0192
No. Observations: 34

Table 4.5: OLS Regression Results for price increase without: NO3, NO4, SE1,
and SE2

When removing the bidding zones that are not actual countries from the spare
capacity regression, the relation between SP and price increase changes direction to
negative and becomes significant according to the confidence interval. This can be
seen in Figure 4.8.

Figure 4.8: Spare capacity after removing country-divided bidding zones
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Discussion

In this section, the results from the previous chapter will be discussed and analyzed.
First, the results from the bi-variate regressions are examined. Second, the variable
selection will be reviewed. Third, the multi-variable OLS regressions are evaluated.
Fourth, the results will be put in relation to previous studies and research. Fifth, a
reflection on the methodology choices and what limitations could be noted. Finally,
the discussion is summarized with the main points highlighted.

5.1 Interpretation of Bivariate Relationships
The large differences in price increase depending on bidding-zone latitude indicate
that geographical location matters. The price convergence between bidding zones
are also noticeable, neighboring price zones in general has similar price increase.
This shows that bidding-zones that experience high prices also affects neighboring
countries. However Poland seems to be an outlier in this regard. This can stem from
the fact that Poland has low transmission capacity in relation to its size compared to
other countries in Europe [1]. The northern part of Sweden and Norway experienced
by far the lowest price increase. These regions all have in common that they are
hydro-power dominated, while also being relatively isolated from Central Europe.
The bidding zone NO4 even had a negative price increase. However looking at CV
and P95 (see appendix A) it is possible to conclude that they also experienced effects
from the energy crisis with unusual high prices for shorter time periods.

The energy systems in the study are differently composed which is shown by the
variance of the SWI metric. The diversity of Germany and Finland are high, while
many other bidding-zones are lower. When comparing the SWI-values to Stirling
values there is a clear difference in which bidding zones are considered diverse and
not. For example, with Stirling index there are six bidding zones that are more
diverse than Finland and Germany, also Latvia goes from a rather low diversity in
SWI to a relatively high diversity with Stirling index, while Italy-Sicily almost lost
all diversity with the Stirling metric. This shows that what is regarded as diverse
or not is sensitive to the type of measurement used. This large difference in the two
diversity metrics is reinforced by the multitude of generation type categories. For
SWI, having 19 different generation categories as present on the ENTSO-E database,
is not optimal since some are very similar. Two reasons behind the methodological
choice is that few countries report data for several similar countries and keeping
same categories makes it possible to compare the SWI and Stirling index in a fair
way. Having many categories for Stirling is less of a problem since the similarities
are accounted for.

The Stirling index also has the potential to capture interesting effects during a crisis
since similar sources might be affected in a similar way during crisis. For example
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in a dry year run-off river will be affected similarly as hydro water reservoir, or if a
price shock in gas occurs, the demand for alternative fuels will rise, likely leading to
price increases of fuels similar to gas. Using Stirling index when analyzing a crisis
therefore serves an important purpose. The Stirling index were also tested for the
multi-variable OLS models (see appendix B), however the results were similar to the
one using SWI.

A difficult part of the Stirling Index is to capture the disparity in an accurate way. In
our case, the number of attributes were limited to three to make it easy to visualize
and understand. To set these attribution values is a complex task since they ideally
should represent the average value for the European plants of the specific type. For
example, the category of fossil gas consists of both simple cycles and combined cycles
plants which has different characteristics. However, if the categories are many and
some are very similar to each other, estimating the disparity is very likely to improve
the diversity metric even if the attribution values are not exact.

An expected outcome from import dependence is that importing bidding zones would
have higher price increases than exporting bidding zones, since the price differentials
determines if a bidding zone is importing or not. However, this effect seems neg-
ligible when looking at the regressions graph’s confidence interval. Also importing
electricity counteracts these price differences. With the exception of Lithuania, the
countries are more concentrated around a net trade balance of zero compared to
the countries divided into bidding zones. The reason might be that it is considered
safer, from a geopolitical perspective, to rely on other regions within the same coun-
try rather than on foreign countries - and this shapes how the system is planned
and built.

Net importers of electricity are also better protected compared to importers of fuel
due to the electricity market mechanisms and EU regulations [17]. Exporting coun-
tries have no legal possibility to keep the domestic electricity within their borders -
if transmission capacity is available to export the electricity. In contrast, countries
exporting fuels can choose both the price level and who they want to sell to. Two
parameters that in some circumstances changes quickly. This can of course impact
the operation cost for electricity generation that requires fuel which might have an
effect on the electricity price as well.

Among the bidding zones with high spare capacity, those with a large share of
fossil-based generation are most prevalent. Plants with high capacity coupled with
low electrical energy output provide high spare capacity. These are plants with
rather cheap investment cost but high operation cost for example gas plants. This
effect can be seen for Ireland and Denmark, which are regions with a lot of wind
power and complimenting gas that can regulate the wind variations [50]. Among
the bidding zones with less spare capacity the hydro-dominated systems can be
found. In reality, hydropower can also provide some spare capacity; however, to
what extent is difficult to determine. Since the operation cost of hydro is low and
the water supply is limited, it is reasonable to assume that the spare capacity of
hydro is relatively low compared to fossil power in general, and especially gas.
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For the price metrics, we have chosen three measures: annual average price, P95 of
prices, and the coefficient of variation (CV). Each of these captures an important
dimension of price behavior. The average price reflects overall cost levels, the P95
captures extreme price events, and the CV provides insight into price volatility.
Together, they offer a more comprehensive understanding of system affordability
and resilience. In our analysis we have treated them as separate but complementary
outcome variables.

5.2 Interpretation of Multivariate Models
The main findings of the multi-variable regression analysis are discussed here. First,
reasons behind the non-significant results for the variables SWI, PEI, and SP. Then
the remaining variables (share VRE, DRE, Gas) to derive insights from the statisti-
cal relationships found. In Table 5.1, the results of all three analysis are summarized
for ease of reference.

Note: Bold indicates statistically significant coefficients at p <.05.
ns indicates not significant. ’-’ indicates not applicable for the specific regression.

Variable Price Increase P95 Increase CV Increase
SWI (Diversity Index) ns ns ns

PEI (Import Dependence) ns ns ns

SP (Spare Capacity) ns ns ns

Share VRE ns ns ns

Share DRE -45.01 ns 0.18
Share Gas 22.72 ns ns

Load Increase ns – –
Load P95 Increase – ns –
Load CV Increase – – ns

Adjusted R2 0.44 0.28 0.49

Table 5.1: OLS Regression Results Summary. The significance is from the robust
model where it is heteroskedasticity corrected.

5.2.1 SWI, PEI, SP
The original hypothesis is that bidding zones which scored high on the metrics SWI,
PEI, and SP, would be more resistant to disturbances of the energy system, which
would be indicated by more stable prices during the crisis. However, no statistical
relationship was found. Consequently, the effectiveness of these strategies to support
price stabilization during times of crisis must be called into question. The analysis
does not support the notion that implementing these strategies in advance of a crisis
leads to reduced vulnerability to price shocks. The reason for the lack of obvious
effect could have many reasons, we have chosen to highlight two possible reasons.
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Price Setting Mechanism
The wholesale electricity price in all bidding zones is set by the most expensive
generator needed to meet demand [51]. This could lead to cases where e.g. a
diverse energy system had a lower overall cost of production, where generation is
moved to the cheapest available options during the crisis, but the electricity prices
could be the same if the most expensive generator could not be fully substituted.
Diversity without enough spare capacity to completely rule the expensive generator
out, would not impact electricity prices. If this were true, it could still be beneficial
with diversity from an efficiency and system cost perspective, but would not be
captured by the electricity prices. In a similar sense, having spare capacity could
lead to a lower system cost - but not reduce the price of electricity.

Price Convergence
Trade across bidding-zones leads to a convergence of price between said zones, where
electricity flows from cheaper to more expensive zones through the electricity trans-
mission grid. This is not an issue from an economic perspective, and is explicitly
sought after from the EU, citing increased efficiency, increased competition, and
affordability for customers [51]. However, since trade makes the price differences
between bidding zones smaller, so does the potential effects of strategies in a given
zone. If Zone A has a diverse and low-cost electricity supply, part of its produc-
tion will be exported to zones with more expensive generation, constrained only
by the available electricity trade capacity. This increase in demand could drive up
the price for the cheap zone, removing parts of the potential benefit. Discussion on
the appropriateness of this system is better left outside this thesis, but it is likely
this makes it more difficult to see potential effects from strategy differences across
bidding zones, when looking only at the wholesale electricity price.

5.2.2 Share of Renewables, Gas and Demand
The predictors which showed to be significant at the .05 level were share of DRE
and share of gas, whereas share of VRE and the load control variables’ were not.
Bidding zones which had a high proportion of DRE did on average experience a
lower price increase and a larger than average daily price variability increase. The
dispatchability seems to hold the value, where the possibility to plan the production
could be used to mitigate higher price levels. There seems, however, to be a trade-off
between the effect of price mitigation and daily price variability. The fact that share
of DRE is associated with a larger CV increase is surprising, as one can imagine
that dispatchable energy sources supports more stable prices. One reason could be
that bidding zones with a large share of DRE tends to have substantially lower and
more stable average prices. This is especially the case for the northernmost bidding
zones of Sweden and Norway, which almost fully rely on dispatchable hydro-power.
When high crisis prices from neighboring zones, which prices operate on a higher
average level, reaches an otherwise stable and low price zone, the annual variance
becomes greatly affected. These outlier days also tend to give a positively skewed
price distribution. Data which have a skewed distribution inflates the standard
deviation to the point where it is no longer a good measure of variability [52]. In
other words, the variance metric of CV, which is based on standard deviation and
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mean, might not be a good representation for some bidding zones. In appendix D,
we have a side by side comparison of Poland and NO3’s price distribution functions
to show this skewness.

Variable renewable energy share did not show significance for any of the price met-
rics, indicating that zones high in VRE were neither better nor worse off with regard
to price performance. Somewhat surprising is that VRE share did not have a sig-
nificant impact on increase of CV. However, the increase of CV is relative to the
level 2019. We do not measure how increase of VRE impacts variability, only how
the share of VRE 2019 potentially impacts price behavior during the crisis. It is
nonetheless interesting results that the bidding zones scoring high on the metric were
not more sensitive to the CV increase. A Nature 2025 paper looked at the relation-
ship between share of VRE and vulnerability to gas price shocks [37]. They found
a slight positive relationship between VRE generation and vulnerability, which was
statistically significant. This is not in line with our results, which could motivate
further research on the matter. Notably, the Nature study specifically looks at the
period between April and October 2021, and uses another type of linear regression
(MM-estimation), which could explain some of the difference.

Natural gas has a special role in the energy systems, namely it is often used as a peak
generator, i.e it is used to effectively supply electricity when demand or production
varies. We found a positive relationship between the share of gas and the sensitivity
to price increases during the crises. The significance was only present against the
annual average price. Since the crisis in many ways were dominated by a breakdown
of the European natural gas supply, this might be obvious. But since only the most
expensive generator sets the price, it could be that the fraction is less important
than the fact that it is present in the system. Using time with gas on margin as an
explanatory variable was also tested; however it was close to binary variable in the
sense that many countries either had gas in their system almost all time or almost
never. The aforementioned Nature 2025 paper found similar results regarding the
share of gas and vulnerability to gas price shocks [33], which is in line with the
findings of this thesis.

5.3 Relation to Previous Research
We have looked at two studies which empirically investigates the relationship be-
tween energy security metrics of diversity, proportion export import, and spare
capacity versus price performance. In a study from Kenya [29], the analysis indi-
cated a significant predictive power of all variables on electricity prices. Diversity
and electricity imports were both positively correlated with price, meaning scoring
higher in diversity, and larger share of electricity imports, correlated with increased
prices.

Of note is that the study looks at the variables development over time, with diversity
calculated from actual generation at each time step. A reason for the positive
correlation between diversity and electricity prices could be explained if generators
are deployed in order from cheapest to most expensive. High diversity would thus
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mean that more expensive sources are present in the electricity mix which would
be reflected by higher prices. Similarly, the correlation between high imports and
high prices likely reflects the fact that imports occur when domestic generation
is insufficient or costly. The study does not evaluate whether countries with a
higher long-term dependence on imports face higher prices, but rather shows that in
moments of import, prices tend to be high. The spare capacity was differentiated for
the generation types of hydro, geothermal and thermal. Thermal and hydro spare
capacities were associated with high electricity prices, and geothermal with low.

Molyneaux et. al. [30] have done a cross-sectional regression analysis comparing
the resilience indicators for two historical periods (1973–82 and 2003–12) in the
USA. The study found the following statistically significant predictors of electric-
ity prices: spare capacity and electricity imports reduces electricity prices, while
diversity increases electricity prices. As in the Kenya study, the analysis examines
how the predictors co-vary with the electricity price, meaning the variables are not
necessarily independent. Therefore, diversity observed during the crisis could reflect
adaptive responses, not just inherent system structure. This makes the diversity,
spare capacity and import dependence potentially endogenous, i.e., affected by the
outcome variable (electricity price) or by the same shock affecting price.

When comparing our results with those of the other studies, it is important to note
the differences in e.g. geographical scope, crisis focus, price setting mechanism, and
time perspective. Both of the empirical studies mentioned in this subchapter looks
at the variables co-variance over time, capturing long-term structural associations
with price performance, while our study defines the predictors (or system structures)
before the crisis. A cross-sectional regression analysis could be done on the European
energy crisis of 2022 to potentially validate the results of the previous studies.

5.4 Methodological Reflection and Limitations
In general terms - the more data points in OLS regression, the more robust the
results. In this case, all bidding zones with available and comparable data were
included, which in total added up to 38 data points. This is enough to draw some
conclusions, but the analysis would likely benefit from having more data points.
Another weakness connected to the number of data points is that the reference data
is based on only one year. This is due to the fact that 2020 was an outlier stem-
ming from the COVID-19 pandemic, and the electricity prices started to increase
to abnormal levels in late 2021. The reason for excluding data from earlier years is
that some portions of the data were missing or incomparable. For example, Ger-
many and Austria were one price zone in the beginning of 2018, and Croatia has
no electricity price data from 2018. However, the electricity prices from 2019 and
earlier have been relatively stable in Europe, meaning that 2019 electricity prices in
general reflects the pre-crisis prices well.

It is also important to remember that only one energy crisis is investigated, and the
energy strategy metrics might impact the prices in another way in next energy crisis.
This crisis affected several generation sources, but mainly the one from natural gas.
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This heavily impacted the electricity prices due to how the price setting mechanism
works. A crisis affecting sources with cheaper operating cost, for example, a dry
year, or technical problems with nuclear, would affect the electricity prices in a
different way. In this type of crisis, the energy strategies might be more useful for
mitigating price increases.

5.5 Comparing Countries and Bidding Zones
In this study, both actual countries and bidding zone within countries are included
because both types of price zones follow identical market rules. This is an advantage
because it increases the sample size with more data points to the statistical analysis.
However, comparing countries with country-divided bidding zones affects the results.
For example, there are six Italian data points, while Germany has one despite being
a larger country. The results are therefore more influenced by Italy than Germany.
While one might argue that this approach is unfair, it is also problematic to compare
countries that differ significantly in size. It is possible to artificially merge price zones
into a single country, but doing so would have reduced the number of observations
from 38 to 25. It would also require an estimation of the electricity price instead of
using the exact data.

Another property for the countries divided into several bidding zones is that the
diversity of capacity is likely to decrease. The general trend is that smaller bidding
zones have lower diversity, but the difference is smaller than one could imagine. For
example, France and Slovenia have the same SWI and Latvia has a higher Stirling
index than Germany.

When removing the bidding zones that is not actual countries, spare capacity seems
to be correlated with a significant price mitigating effect, as is visually confirmed by
Figure 4.8. This drastic shift can from a statistical point of view be explained by
many factors. Firstly, 17 data points are removed, which is 45% of the data points.
Secondly, a majority of the removed points were outliers in either price increases or
spare capacity. This is partly because the hydro-zones have no or very low SP. So for
actual counties, spare capacity supports the affordability, but not for other bidding
zones. The exact reason behind this is uncertain, but it is reasonable to assume
that system planners often consider relying on backup capacity within the country,
rather than strictly within the bidding zone, to be sufficiently reliable. In other
words, countries tend to plan centrally to have spare capacities, while this might
not occur inside country-divided bidding zones. However, this does not explain
why a price-mitigating affect is only observed among the actual countries. Further
research into the effect of spare capacity on electricity price formation is therefore
advisable.

When removing only the low-price, hydro-dominated bidding zones of NO3, NO4
SE1 and SE2, share DRE lost its significance on price (see Table 4.5). This highlights
the sensitivity of the results, as the effect is not stable across the whole sample. The
results as a whole, however, do indicate that hydro-water reservoir capacity was
valuable for mitigating price increases.
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The strategies of diversity, spare capacity, and trade independence are frequently
cited as beneficial towards energy security. The analysis showed that countries scor-
ing high on metrics related to these strategies did not on average perform better
(or worse) with regard to the tested price metrics. Diversity can be measured in
different ways, each with its own advantages and drawbacks. Transparency in this
process is valuable when selecting categories and possible weighting, regardless of
the method used. However, in our findings, where the two methods (SWI and Stir-
ling) were used, diversity did not increase the system’s resistance to price shocks.
One should therefore be cautious in claiming that diversity actually increases energy
security, where electricity price affordability is an essential part. The role of import
dependence showed no significant effect on the measured electricity price behavior.
Possible explanations include large transmission capacities between bidding zones,
which lead to price convergence, and regulations preventing exporters from setting
the electricity prices. Importers of electricity are in this case better protected com-
pared to importers of fuels such as coal, oil, and gas. Regarding spare capacity, the
analysis would benefit from developing a method to accurately estimate the spare
capacity of hydro-water reservoir plants. While the overall analysis showed no effect
for bidding zones in general, a price-reducing effect of spare capacity was observed
in countries composed of a single bidding zone. These conflicting results warrant
further investigation to understand the underlying causes.

Increasing the share of dispatchable renewable energy proved to be an effective
strategy for mitigating price increases during the 2022 energy crisis. However, a
higher share of DRE also appeared to correlate with greater price volatility. This
is likely due to temporary price effects transmitted from neighboring zones. In
contrast, an increase in variable renewable energy share did not show any significant
impact on either price level or volatility. Bidding zones with higher share of gas
experienced higher electricity prices. This was expected due to the high gas prices
and the marginal cost price-setting mechanism. Finally, it is important to remember
that analyzing several different energy crises is necessary to draw general conclusions
on how to increase the energy security.
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A
Summary of Variables

Figure A.1: Table of all with values of the variables used for all bidding zones

I



B
Multivariable OLS with Stirling

Dependent variable: Price Increase
Independent Variable Coefficient P-value Std. Error 95% CI
Intercept 180.11 0.000 8.84 [162.05, 198.17]
Stirling 6.99 0.0475 9.66 [-12.74, 26.71]
PEI 1.96 0.848 10.14 [-18.75, 22.67]
SP -8.01 0.514 12.12 [-34.76, 16.74]
Share VRE -0.24 0.981 10.44 [-21.57, 21.07]
Share DRE -43.23 0.002 12.80 [-69.37, -17.09]
Share Gas 22.08 0.038 10.18 [1.29, 44.88]
Load Increase 1.63 0.869 9.77 [-18.32, 21.58]

Model Fit Statistics
Adjusted R-squared 0.45
Probability (F-statistic) <0.001
No. Observations: 38

Table B.1: OLS Regression Results with Stirling Index
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C
Full Disparity Matrix

Figure C.1: Shows the disparity value between all generation types.
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D
Electricity Price Density

Distributions, NO3 and Poland

Figure D.1: Electricity Price Distribution of the 2022 price time series of NO3 and
Poland.
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