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H I G H L I G H T S

• We find no evidence that generation diversity moderated the 2022 price shocks.

• Pre-crisis self-sufficiency shows no robust association with price outcomes.

• Larger reservoir hydro shares are associated with lower average price increases.

• Higher VRE shares are linked to increased day-to-day variability but not price levels.

• Zonal supply-security metrics may overstate price resilience in interconnected markets.
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A B S T R A C T

Generation diversity, renewable energy supply, and self-sufficiency are commonly cited hedges against supply 

disruptions and price risk in electricity markets, yet empirical validation of their effectiveness remains limited. 

The 2022 European energy crisis exposed electricity markets to severe price shocks driven by curtailed Russian 

gas imports. We use this natural experiment to test whether these factors mitigated the price shocks across 38 

European bidding zones. Using robust linear regression models, we relate pre-crisis system characteristics (gen­

eration diversity, renewable integration, and self-sufficiency in electricity supply) to changes in average prices, 

extreme prices, and price variability. We find no evidence that greater generation diversity or self-sufficiency 

moderated price shocks during the crisis, challenging assumptions about their protective value. Larger reservoir 

hydro shares are the only robust predictor of smaller price increases, though we cannot fully separate the role 

of hydro reservoir’s flexibility and low cost from that of the partial market isolation. Variable renewable energy 

shares do not systematically lower either average or extreme price changes, but are associated with larger in­

creases in day-to-day price variability. Natural gas shares show a directionally positive but imprecise association 

with price outcomes. The results suggest that under market coupling and marginal pricing, crisis-driven shocks 

transmit across bidding zones, limiting the explanatory power of zonal supply security indicators. Accordingly, 

assessments of price resilience should place greater emphasis on regional market dependencies rather than zonal 

generation structure alone. 

1 . Introduction

In 2022, Europe experienced its most severe energy crisis in decades, 

drawing comparisons to the oil shocks of 1973 [1]. By August, electric­

ity prices in the EU soared to a historic high of e700/MWh, largely 

driven by an exceptionally high natural gas price of e341/MWh [2,3]. 

The sharp rise in prices was driven by Russia’s invasion of Ukraine and 

the resulting curtailment of gas imports, while widespread French nu­

clear outages amplified the pressure on electricity markets [4]. The crisis 

had repercussions across society, with rising energy prices significantly 

affecting consumers, especially low-income households. In Germany, 

for example, approximately 600,000 households were at risk of falling 
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Bidding zone abbreviations

AT Austria

BE Belgium

BG Bulgaria

CH Switzerland

CZ Czech Republic

DE-LU Germany-Luxembourg

DK1, DK2 Denmark

EE Estonia

FI Finland

FR France

GR Greece

HU Hungary

HR Croatia

IE Ireland

IT-N Italy North

IT-CN Italy Central-North

IT-CS Italy Central-South

IT-S Italy South

IT-Sic Italy Sicily

IT-Sar Italy Sardinia

LT Lithuania

LV Latvia

NL Netherlands

NO1, NO2, NO3, NO4, NO5 Norway

PL Poland

RO Romania

RS Serbia

SE1, SE2, SE3, SE4 Sweden

SI Slovenia

SK Slovakia

below the poverty threshold [5]. Meanwhile, energy-intensive industries 

faced significant increases in production costs [6].

Diversification is widely recognized as a “no-regret” strategy for 

hedging against supply risks, as it enables the redirection of energy 

flows when normal supply routes are disrupted [7–9]. While the concept 

initially focused on the diversification of imported fuels, particularly 

oil [10], it has since evolved to encompass the broader energy sup­

ply, including diversity in technologies, suppliers, and infrastructure 

[11]. Numerous studies have applied diversity indicators such as the 

Shannon–Wiener Index and the Herfindahl-Hirschman Index to measure 

energy supply diversity as a component of energy security [12–14], and 

a small subset has tried to explore the relationship between diversifica­

tion and electricity prices [15–17].

Alongside diversification, import dependence plays a key role in 

energy security assessments [9,15]. In electricity systems, structural re­

liance on imports is viewed as a vulnerability factor that can amplify 

exposure to external price shocks [16,18]. This concern is particularly 

relevant during synchronized regional crises, when cross-border supply 

relief is limited [16]. However, empirical evidence on how structural 

trade orientation affects price outcomes during such events remains 

limited [17].

A common view among experts is that lower energy prices are an 

important goal of energy security, and that greater diversification of 

energy sources, enhanced self-sufficiency, and increased deployment of 

renewable energy sources all contribute to achieving this goal [15]. Still, 

Molyneaux et al. [17] conducted an empirical analysis in this vein of 

U.S. states during the oil price shocks (1973–1982) and demand shock 

(2003–2012), and found that greater diversity and electricity trade 

orientation had no apparent effect on electricity prices.

The role of renewables is equally unresolved. Simon and Anadon 

[19], through simulating the future system, claimed that the European 

electricity system aligned with 2030 wind and solar deployment targets 

could reduce the impact of natural gas price shocks on electricity prices 

by up to 40% compared to the 2024 system. In contrast, Bajo-Buenestado 

et al. [20] empirically estimated that countries with larger shares of 

intermittent renewables are more vulnerable to price spikes during gas 

price shocks, possibly due to their reliance on complementary natural 

gas generation.

This study examines how pre-crisis system characteristics of 38 

European bidding zones affected electricity price outcomes during the 

2022 energy crisis. This analysis contributes to the relatively limited 

body of empirical research on the topic of energy security and price 

resilience, where it examines whether commonly used energy security 

indicators are informative for understanding the impact of supply shocks 

on price outcomes in liberalized electricity markets. Specifically, we test 

whether generation diversity, renewable integration, and trade orienta­

tion mitigated price shocks. Insights from this study could support the 

development of more robust indicators for assessing energy security in 

the power sector.

2 . Method

We analyze 38 European bidding zones (BZs) to examine how pre-

crisis system characteristics shaped wholesale electricity price outcomes 

during the 2022 energy crisis. We distinguish between two aspects of 

system structure: generation-related structure and electricity trade ori­

entation. Trade orientation is measured by the Proportion Export-Import 

(PEI) index. The generation-related structure is captured using either 

diversity indices (Shannon–Wiener, Stirling) or generation shares (vari­

able renewables, reservoir hydro, natural gas). We then assess how these 

indicators relate to observed electricity price changes during the crisis 

using statistical modeling. We consider three price outcome variables: 

the change in annual average price (ΔAverage Price), the change in the 

95th percentile of average daily prices (ΔP95), and the change in the 

coefficient of variation of average daily prices (ΔCV). Combining three 

representations of generation structure with the three price outcome 

variables yields nine model specifications, as summarized in Table 1. 

Descriptive statistics for all variables are reported in the Supplementary 

Information (SI Section 5). Spain and Portugal are excluded due to the 

wholesale gas price cap implemented in June 2022, which materially 

altered price dynamics [21,22] (see SI Section 3 for policy details).

Table 1 

Overview of model specifications.

Model ID Dependent Variable Independent Variables

Diversity (Shannon-Wiener)

Model 1 Δ Average Price SWI, PEI

Model 2 Δ P95 SWI, PEI

Model 3 Δ CV SWI, PEI

Diversity (Stirling Index)

Model 4 Δ Average Price Stirling Index, PEI

Model 5 Δ P95 Stirling Index, PEI

Model 6 Δ CV Stirling Index, PEI

Generation Shares

Model 7 Δ Average Price Share Reservoir Hydro, Share VRE, Share Gas, PEI

Model 8 Δ P95 Share Reservoir Hydro, Share VRE, Share Gas, PEI

Model 9 Δ CV Share Reservoir Hydro, Share VRE, Share Gas, PEI

Notes: Models 1–9 are the main specifications. SWI = Shannon-Wiener Index; 

PEI = Proportion Export-Import.
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2.1 . Dependent variables

To evaluate the BZs’ price performance, we use three complementary 

metrics that capture distinct dimensions of wholesale prices during the 

crisis (2022) relative to a pre-crisis benchmark (2017–2019):

1. ΔAverage Price (average price-level shift),

2. Δ𝑃95 (change in extreme prices; 𝑃 95 is the 95th percentile of 

average daily prices),

3. Δ𝐶𝑉  (change in within-year price variability; 𝐶𝑉 = 𝜎∕𝜇, of 

average daily prices).

For all three metrics, smaller values indicate better price perfor­

mance.

2.1.1 . Change in annual average price (ΔAverage Price)

The first price metric measures the change in average electricity 

prices, in absolute terms, from the pre-crisis baseline. Unlike other 

studies that focus solely on price levels [17,20,23], our approach ad­

justs for each BZ’s average pre-crisis price, so that our metrics capture 

crisis-induced changes rather than general price differences between 

systems.

The price increase could also be measured as a percentage change. 

However, this measure is too sensitive to past performance, as his­

torically cheap systems can have large percentage increases while the 

magnitude of the price change remains relatively small.

The average annual price increase for a given BZ is calculated as:

ΔAverage Price = 𝑃 2022 − 𝑃 2017–2019 [e/MWh]

where:

• 𝑃 2022 is the load-weighted average day-ahead wholesale electricity 

price in 2022.

• 𝑃 2017–2019 is the load-weighted average day-ahead wholesale elec­

tricity price during the reference period.

Load-weighting ensures that prices are scaled by the corresponding 

electricity demand in each hour, so that periods with higher consump­

tion contribute proportionally to the average price. The load-weighted 

average price in year 𝑦 is defined as:

𝑃 𝑦 =
∑

𝑡∈𝑦 𝑝𝑡 ⋅ 𝐿𝑡
∑

𝑡∈𝑦 𝐿𝑡
,

where 𝑝𝑡 denotes the day-ahead price and 𝐿𝑡 the system load in hour 𝑡.
Day-ahead wholesale electricity prices are sourced from ENTSO-E 

[24]. For countrywide BZs, we use the Ember database, which provides 

an ENTSO-E–based price series that is already harmonized (in euros and 

with quarter-hourly values resampled to hourly) [25]. For sub-national 

BZs, we use ENTSO-E day-ahead prices directly, as these are already 

available in euros at hourly resolution. All load time series are retrieved 

from ENTSO-E.

2.1.2 . Change in the 95th percentile (Δ𝑃 95)

To capture exposure to extreme price conditions, we measure the 

change in P95, the 95th percentile of the distribution of daily average 

prices within each year. A positive ΔP95 indicates that the daily price 

level exceeded on 5% of days has increased, i.e., a rightward shift in the 

upper tail of the price distribution. We use daily rather than hourly prices 

to focus on prolonged episodes of elevated prices. The sustained high-

cost pressure on households can increase the risk of bill defaults [26], 

and electricity-intensive industries may be forced to curtail production 

[6]. We define the dependent variable as:

Δ𝑃95 = 𝑃 952022 − 𝑃 952017–2019 [e/MWh],

where:

• 𝑃 952022 is the 95th percentile of the daily average price distribution 

in 2022.

• 𝑃 952017–2019 is the average yearly 95th percentile calculated sepa­

rately for 2017, 2018, and 2019.

2.1.3 . Change in coefficient of variation (ΔCV)

For measuring intra-annual price variability, we make two key 

methodological choices. First, we compute the variability from daily 

average prices. This filters out intra-daily swings that tend to average 

out at the annual level, while capturing the day-to-day unpredictabil­

ity. This inability to predict day-to-day costs can impose economic costs 

on both households and firms. Higher market uncertainty is empirically 

linked to weaker business investment [27], and sector-specific models 

find that energy price uncertainty lowers output and capital expenditure 

[28]. Second, we normalize by the annual mean to ensure scale invari­

ance, preventing higher absolute prices from inflating the measure. This 

mean-adjusted variability, known as the coefficient of variation (CV), 

better supports comparison across different systems. Let 𝑝𝑑,𝑦 be the daily 

average day-ahead price on day 𝑑 in year 𝑦, with mean 𝜇𝑦 and standard 

deviation 𝜎𝑦. We use the following formula:

Δ𝐶𝑉 = 𝐶𝑉2022 − 𝐶𝑉 2017–2019 [unitless],

where:

• 𝐶𝑉𝑦 = 𝜎𝑦∕𝜇𝑦.
• 𝐶𝑉 2017–2019 is the average over the reference period.

2.2 . Independent variables

The independent variables are designed to reflect the pre-crisis 

system characteristics of each BZ’s electricity system. A summary of 

the independent variables and their expected interplay with the price 

outcomes is shown in Table 2.

2.2.1 . Adjusted capacity mix

To represent an electricity system’s supply side, a common starting 

point is to look at generation shares [29–31]. Yet, a BZ’s generation mix 

Table 2 

Independent variables used in the statistical model and expected interplay with price.

Variable Definition Interplay with price

ΔPrice ΔP95 ΔCV Hypothesis

SWI Shannon–Wiener (Diversity) Index − − − Risk-spreading across generation sources

Stirling Index Diversity Index − − − Risk-spreading across generation sources

PEI > 0 Pre-crisis trade orientation (net exporter) − − − Self-sufficient; reduced supply scarcity risk

PEI < 0 Pre-crisis trade orientation (net importer) + + + Import-dependent, increased supply shock-exposure

Share Reservoir Hydro Share of dispatchable reservoir hydropower − − − Cheap, flexible; dampens price shocks

Share VRE Share of variable renewables (wind–solar–run-of-river) − − + Fuel-free, domestic; intermittency raises variability

Share Gas Share of natural gas + + ± Gas-crisis; variability channel unclear

IC95 Interconnection Capacity Index ± ± ± No directional hypothesis

Notes: Signs indicate expected correlations with price changes. ΔAverage Price is the annual average price change; Δ𝑃 95 is the change in the 95th percentile; 

Δ𝐶𝑉  is the change in the coefficient of variation.
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in 2022 was shaped by the unique conditions of the energy crisis, which 

makes it unsuitable for our purposes, as it is not an independent repre­

sentation of the electricity system. An alternative approach would be to 

use installed capacities. However, raw installed capacities overstate the 

energy contribution of variable renewable energy technologies, because 

they typically operate well below their nameplate capacity [32].

To overcome these issues, we introduce the Adjusted Capacity Mix 

(ACM). The ACM scales installed capacities with historical CFs, provid­

ing a representative measure of the typical energy contribution of each 

technology. The ACM offers two key advantages: (i) it incorporates ca­

pacity additions up to the onset of the crisis, ensuring the metric reflects 

the system as it stood in 2022; (ii) it constructs a representative, struc­

tural generation profile based on historical, pre-crisis utilization rates. 

This represents the structural generation configuration for each sys­

tem, which isolates it from any specific operational strategies or policies 

implemented during the crisis.

To calculate the ACM, we scale the installed capacities of each BZ 

by the country-specific CF for each technology, representing average 

utilization under pre-crisis operating conditions:

ACM𝑏𝑧,𝑖 = Cap𝑏𝑧,𝑖 × CF𝑐,𝑖,

where Cap𝑏𝑧,𝑖 is the installed capacity of technology 𝑖 in zone 𝑏𝑧, and 

CF𝑐,𝑖 is its historical, country-specific CF. The adjusted generation share 

of technology 𝑖 in zone 𝑏𝑧 is then defined as:

𝑠̂ACM
𝑏𝑧,𝑖 =

ACM𝑏𝑧,𝑖
∑

𝑗 ACM𝑏𝑧,𝑗
.

For solar and wind, we use a 5-year average (2017–2021) capacity-

weighted CFs from IRENA [33] to smooth out interannual weather 

variability. For the remaining generation types, we rely on 2019 data 

from ENTSO-E [24], as 2019 provides the most recent “normal” year 

prior to the disruptions of the COVID-19 pandemic and the 2022 energy 

crisis. We apply multi-year averaging only to solar and wind, since reli­

able CF data are available across multiple years, whereas ENTSO-E data 

are less complete over the time span. The concept of ACM is illustrated 

through the example of Poland in Fig. 1, which shows the difference 

between ACM, installed capacity, and realized generation in 2022.

2.2.2 . Shannon-wiener index (SWI)

Diversification of energy supply is often emphasized as a lever for 

mitigating supply risks [7,9,34]. Furthermore, it is frequently framed as 

a potential hedge against price risk amid volatile energy prices [35,36]. 

We therefore hypothesize that greater generation diversity supports 

price performance across all price outcomes. Diversity is typically as­

sessed through indices that account for the variety (number of distinct 

generation sources) and balance (evenness of their contributions) [8,11]. 

The Shannon–Wiener Index (SWI), a diversity measure commonly used 

in energy policy and energy system analysis [11,37,38], captures these 

Table 3 

Generation categories used in the analysis.

Generation types

Fossil Brown coal (lignite) Reservoir Hydropower Biomass

Fossil Hard Coal Run-of-river and Pondage Waste

Fossil Gas Onshore Wind Geothermal

Oil Offshore Wind Marine

Fossil Peat Solar Other Renewables

Nuclear Other

two dimensions and is defined as:

𝑆𝑊 𝐼 = −
𝑁
∑

𝑖=1
𝑝𝑖 ln(𝑝𝑖),

where 𝑝𝑖 denotes the ACM share of technology 𝑖. A higher SWI reflects 

a more diverse energy portfolio in terms of variety and balance. Table 3 

shows all generation technologies included in our study. While the tech­

nologies are granular enough to capture differences in fuel inputs across 

generation types, we do not examine diversity of fuel sources themselves 

for a specific generation type, such as import routes or supplier concen­

tration. Instead, the analysis focuses on diversity within the electricity 

generation portfolio.

2.2.3 . Stirling index

The SWI assumes that all energy sources are equally dissimilar in 

qualitative characteristics. For example, it treats gas and coal as just as 

distinct as coal and wind, despite wind being non-dispatchable, and hav­

ing a near-zero marginal cost, whereas oil and gas are fuel-driven and 

dispatchable. To address this shortcoming, Stirling [34,39] introduces a 

third dimension of diversity: disparity. Disparity refers to the degree of 

qualitative dissimilarity between energy sources. This approach allows 

the index to capture not only the number of sources and their even dis­

tribution, but also reflects how functionally different they are from one 

another. For example, a portfolio consisting of equal parts coal and gas 

would yield lower disparity than one combining coal and wind, as the 

former shares similar thermal and operational characteristics.

The general form of the Stirling Index is:

Stirling Index =
𝑁
∑

𝑖=1

𝑁
∑

𝑗=1
𝑝𝑖𝑝𝑗𝑑𝑖𝑗 ,

where 𝑝𝑖 and 𝑝𝑗  denote the ACM share of technology 𝑖 and 𝑗, and 𝑑𝑖𝑗  de­

notes the dissimilarity between them. We use two characteristics of the 

generation sources to assess system diversity: fuel cost (𝐶) and dispatch­

ability (𝐷). The dissimilarity coefficient 𝑑𝑖𝑗  is calculated as the Euclidean 

distance between normalized attribute values:

𝑑𝑖𝑗 =
√

(𝐷𝑖 −𝐷𝑗 )
2 + (𝐶𝑖 − 𝐶𝑗 )

2.

Fig. 1. Poland technology mix compared using: (a) installed capacity vs. ACM in absolute terms, only technologies with ≥ 2% of total installed capacity are included; 

(b) ACM vs. realized generation in 2022, only technologies contributing ≥ 2% of 2022 generation are included.
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Fig. 2. Shannon–Wiener Index (SWI) vs. Stirling (percentile-normalized). (a) Scatter of BZs using percentile-normalized SWI (x) and Stirling (y), with a 1:1 line 

marking agreement. Points above the diagonal are up-valued by Stirling relative to SWI, and points below are down-valued. (b) Generation-mix (ACM shares) for the 

most up-valued zone (Latvia), and (c) the most down-valued zone (Finland), alongside their normalized SWI and Stirling values.

We select fuel cost and dispatchability as disparity attributes, since 

they are important differentiators between generation technologies in 

terms of their operational roles. Fuel costs are an important factor when 

determining dispatch order in competitive markets, Cludius et al. [40], 

and dispatchability reflects a technology’s ability to provide power on 

demand and support system flexibility [41,42]. Fig. 2 compares the 

percentile-normalized Stirling and SWI indices across all BZs, illustrating 

how the two measures differ in how they value diversity.

2.2.4 . Proportion of export-import (PEI)

Import dependence and self-sufficiency are widely recognized met­

rics for assessing supply security and resilience in energy systems [9,15]. 

We apply this logic to the electricity sector, using the proportion export-

import (PEI) index, which quantifies the degree to which a BZ was 

import-dependent or export-oriented prior to the crisis. This formula­

tion, adapted from Molyneaux [17], divides the net electricity trade 

balance by either consumption (for importers) or generation (for ex­

porters). Using net trade values excludes electricity that merely transits 

through a BZ, and the different denominators ensure that the index 

ranges from −1 (all consumption is imported) to + 1 (all generation 

is exported).

We hypothesize that a BZ’s pre-crisis trade orientation is linked to 

crisis-period price outcomes. More import-dependent zones (PEI closer 

to –1) might operate with a structural generation deficit and rely on 

external supply to meet demand. During a regional supply crisis, this 

reliance exposes them to high-priced imports, making them more vul­

nerable to price shocks. By contrast, net-exporting zones (PEI closer 

to + 1) tend to be self-sufficient in generation capacity, and will there­

fore face a lower risk of supply scarcity, which provides a buffer against 

scarcity-driven price spikes. The PEI is defined as:

𝑃𝐸𝐼 =

⎧

⎪

⎪

⎨

⎪

⎪

⎩

−
Net Import

Total Consumption
, if Net Import > 0 (net importer),

Net Export
Total Generation

, if Net Export > 0 (net exporter),

0, if Exports = Imports

The PEI is calculated for all BZs from 2017 to 2019 using data from 

ENTSO-E [24] and the European Commission’s Eurostat electricity statis­

tics [43]. For countrywide BZs, we use reported net trade data from 

Eurostat. For sub-national BZs, we construct annual net trade as the dif­

ference between gross generation and load, with data from ENTSO-E 

[24].

2.2.5 . Share of adjusted capacity mix: variable renewable energy, reservoir 

hydro, gas

In the final set of model specifications (Models 7–9, Table 1), we 

replace the composite diversity indices with selected ACM components 

(VRE, reservoir hydro, and gas). This approach provides a more direct 

link from specific generation types to price performance than com­

posite indices such as the SWI, enabling us to isolate their distinct 

impacts. We include VRE as its intermittency can raise short-term price 

variability [42], while domestic, fuel-free VRE generation is often re­

garded as a hedge against fuel price shocks and supply disruptions 

[19,30,44]. Reservoir hydropower combines low operating costs with 

storage-backed dispatchability, supplying intertemporal flexibility that 

can dampen price spikes and support price stability [41]. Natural gas is 

included because it frequently sets the marginal price in European 

wholesale markets, exceeding 80% of hours in 2021 in several coun­

tries, and the surge in gas prices was a principal driver of wholesale 

electricity prices in 2022 [45].

2.2.6 . Interconnection capacity index (IC95)

The indicators introduced so far characterize each BZ’s internal 

supply structure (generation diversity, self-sufficiency and generation 

shares). Neither captures the physical trade capacity of the BZs, which 

determines the extent to which a zone can engage in bilateral trade 

(large bilateral trade volumes can average to zero in PEI). We therefore 

introduce an interconnection-capacity indicator (IC95) as a complemen­

tary, infrastructure-based metric. Whereas PEI reflects the net trade 

balance in the pre-crisis years, IC95 reflects how much cross-border ex­

change capacity is available relative to zonal demand. We approximate 

the effective transmission capacity of each cross-border corridor as the 

95th percentile of observed hourly physical flows, and normalize the 

sum of these corridor capacities by mean annual load:

IC95,𝑖 =

∑

𝑗∈𝑁𝑖
max

(

𝑃95(𝑓𝑖𝑗 ), 𝑃95(𝑓𝑗𝑖)
)

𝐿̄𝑖
,

where 𝑁𝑖 is the set of BZs directly adjacent to 𝑖, 𝑃95(𝑓𝑖𝑗 ) is the 95th 

percentile of hourly physical flows from 𝑖 to 𝑗, and 𝐿̄𝑖 is mean annual 

load. This flow-based proxy is adapted from Stiewe et al. [46] and re­

flects that transmission capacity is not a fixed technical parameter, but 

varies over time according to operational and physical constraints. The 

use of the 95th percentile provides a measure of effective transmission 
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capacity while reducing the influence of rare high flow events. Hourly 

trade flow data for 2021 are obtained from ENTSO-E [24].

To test whether cross-border exchange capacity modifies our results, 

we re-estimate Models 1–9 with IC95 added as an additional regressor, 

reporting these specifications in Table 6. We treat this as a separate 

analysis, as IC95 is partly distinct from the energy security indicators pre­

viously defined, being derived from literature on price formation under 

market integration [46], and because adding a fifth regressor to Models 

7–9 approaches the degrees-of-freedom limits at 𝑁 = 38. Higher IC95

can in principle work in either direction – greater capacity to import 

cheap electricity can displace more expensive zonal generation types, 

or increase exposure to imported price shocks – so we do not impose a 

directional hypothesis.

2.2.7 . Changes in load and gas price

We explore the potential impact of demand and fuel-related drivers 

to assess whether observed differences in electricity price performance 

might be explained by variations in consumption patterns or gas prices. 

Indicators are created for gas prices (2020–2022) and load changes 

(2019–2022). Each indicator is matched to the price metric used in the 

specific regression. For example, if the specification targets average price 

change, we assess the corresponding change in load and gas price. Spot 

price data for gas are sourced from the European Energy Exchange [47]. 

Day-ahead load data are sourced from ENTSO-E [24]. BZs without a 

gas hub are assigned values from their nearest trading hub, based on 

regional groupings in the 2022 European Gas Hub map [48].

However, we observe limited cross-sectional variability, particularly 

regarding gas prices (see Table S3). Consequently, given the limited sam­

ple size (𝑁 = 38), we exclude gas and load indicators from the primary 

model specifications to mitigate the risk of overfitting. Estimates includ­

ing the gas and load variables are reported in Table S8, where we find 

that their inclusion does not substantially alter the main results.

2.3 . Statistical analysis

To quantify the effects of independent variables on the three price 

metrics, we estimate robust linear models (RLM) for all BZs, employ­

ing Tukey’s biweight to downweight observations with large residuals, 

thereby reducing the influence of potential outliers [49,50]. Standard er­

rors are computed using a finite-sample corrected covariance estimator 

[50]. This correction (denoted as ‘H3’ in the statsmodels library) supports 

inference given our limited sample size (𝑁 = 38). To evaluate model per­

formance, we calculate a weighted pseudo coefficient of determination 

(𝑅2
𝑤). This metric incorporates the robust weights assigned by the ro­

bust estimator and provides a measure of fit that focuses on the core 

data distribution while discounting outliers.

Separate regressions are run for each price metric to capture dis­

tinct mechanisms driving price levels, extremes, and variability. Because 

we evaluate multiple model specifications, we interpret results based 

on consistency of sign and magnitude across related models, rather 

than relying on individual p-values. We assess multicollinearity using 

variance inflation factors (VIF) reported in Tables S5 and S6, where di­

agnostic values indicate acceptable levels across model specifications. 

Modeling and diagnostics are performed in Python using scikit-learn for 

pre-processing and statsmodels for estimation, significance testing, and 

confidence interval computation with H3 adjustments [51,52]. Finally, 

given the cross-sectional nature of the models, the estimated coefficients 

should be interpreted as conditional associations rather than causal 

effects.

2.4 . Sensitivity analysis: leave-one-out & omitted variables

A concern is whether our results are sensitive to inclusion of specific 

zones or regional clusters. Systematic regional exclusion, e.g., the Nordic 

zones dominated by hydropower, would reduce our sample to 𝑁 = 32 or 

fewer and substantially compress the variation in our key explanatory 

variables. For reservoir hydropower share in particular, removing the 

Nordic zones removes most of the upper range of the variable’s distri­

bution, making the coefficient unidentified rather than testing whether 

the effect is robust.

We therefore adopt a leave-one-out (LOO) sensitivity analysis as the 

primary diagnostic for identifying unstable estimates and data points 

with disproportionate influence. For each main specification, we re-

estimate the model 38 times, dropping one zone at each iteration, 

and report the resulting distribution of coefficient estimates for the in­

dependent variables (SI Section 4.6). This provides an assessment of 

how sensitive the results are to the exclusion of any single zone while 

preserving the degrees of freedom needed for stable estimation. The 

LOO approach is well-suited to small samples [53] and provides more 

interpretable diagnostic information than full exclusions of different 

regions.

Similarly, our small sample size limits the number of predictors that 

can be included before too many degrees of freedom are lost. We there­

fore test variables that could plausibly introduce omitted variable bias by 

adding them one at a time to our main models. We define and evaluate 

reserve margin, storage capacity ratio, and disaggregate VRE into wind 

and solar shares (SI Section 4.5). As a final temporal robustness check, 

we test whether our results are sensitive to the choice of reference pe­

riod and target year. First, we extend the baseline period from 2017 to 

2019 to 2016–2019 and re-estimate Models 1–9 (Table S15). Second, we 

repeat the analysis using an additional dependent variable for the target 

year 2023 while retaining the original baseline period (Table S16). Since 

2023 retained elevated, though lower, gas prices relative to the pre-crisis 

period [2], this provides a second observation point to test whether the 

patterns identified in 2022 are specific to that single crisis year or hold 

under related, but partially stabilized, conditions.

3 . Results

3.1 . Spatial patterns

We first examine spatial patterns of key variables. Mapping the vari­

ables allows us to identify regional clusters and preliminary correlations 

between system characteristics and price outcomes, providing context 

for the regression analysis that follows. Fig. 3 illustrates the spatial dis­

tribution of the SWI (Panel a), reservoir hydro shares (Panel b), and 

annual average price increases (Panel c), and Fig. 4 displays the spatial 

distributions of trade orientation (PEI), VRE, and natural gas shares. The 

spatial distributions for all variables are provided in Figure S2.

Fig. 3(c) shows a north–south gradient in the magnitude of price 

increases. The most severe price shocks are observed in Southern Europe, 

peaking in Italy, with the intensity diminishing northward toward the 

Nordic region. Comparing this price gradient with Fig. 3(a) reveals a 

counter-intuitive overlap: regions with the lowest generation diversity 

(SE1, SE2, NO3, NO4) coincide with the lowest average price increases. 

Fig. 3(b) provides a plausible explanation for the price-diversity pattern, 

showing an overlap between zones with low diversity, high shares of 

reservoir hydro, and the lowest price increases.

Fig. 4(a) (PEI) shows no distinct continent-wide pattern, though lo­

calized trends are visible, such as a north-to-south export gradient in 

the Nordics and a south-to-north export flow in Italy. VRE shares, in 

Fig. 4(b), exhibit a scattered distribution across the continent rather than 

a clear geographic cluster.

Gas intensity, in Fig. 4(c), is most pronounced in Italy, while the 

rest of the continent is largely characterized by shares below 20%. 

Comparing the gas shares with the change in average price (Fig. 3(c)) re­

veals that zones with low domestic gas dependence, such as Switzerland 

(CH), experienced price shocks comparable to their gas-intensive neigh­

bors like Italy. This indicates that gas-induced price shocks likely spread 

through cross-border trade.

3.2 . Robust linear models

The results of the RLMs are reported in Table 4.
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Fig. 3. Spatial distribution of key variables overlaid on a map of Europe. (a) generation diversity (Shannon-Wiener Index), (b) share of reservoir hydro, and (c) change 

in annual average electricity price (e/MWh).

Fig. 4. Spatial distribution of system characteristics overlaid on a map of Europe. (a) Pre-crisis trade orientation (PEI), (b) share of variable renewable energy (VRE), 

and (c) share of natural gas generation.

Greater generation diversity (SWI) is significantly associated with 

larger average price increases (Model 1, 𝑝 = 0.045). This aligns with 

the visual patterns in Fig. 3 and suggests that more diverse genera­

tion portfolios did not provide protection against the 2022 price shocks. 

Moreover, when the Stirling Index is used in Model 4, the associa­

tion between diversity and average price increases loses significance. 

Additionally, neither diversity index significantly predicts changes in 

extreme prices (Models 2 and 5) or price variability (Models 3 and 6), 

with fit statistics for these models indicating negligible predictive value. 

Overall, Models 1–6 demonstrate that the diversity-based specifications 

have modest to low predictive power (𝑅2
𝑤 = 0.05–0.18) across all three 

price outcomes, with the SWI–ΔAverage Price coefficient as the only 

statistically significant association.

Models 7–9 provide a different angle by explicitly accounting for spe­

cific generation types. Model 7 achieves the highest explanatory power 

among the main specifications (𝑅2
𝑤 = 0.48). Here, we observe that larger 

reservoir hydro shares are significantly correlated with smaller increases 

in average electricity prices (𝑝 = 0.012). The estimated effect is no­

table: a one-percentage-point increase in a BZ’s reservoir hydro share 

is associated with a 1.29 e/MWh smaller increase in its average annual 

price. This confirms Fig. 3’s spatial patterns, which show that reservoir-

hydro-dominated zones in the northern Nordics (SE1, SE2, NO3, NO4) 

experienced modest price increases. The dominance of a single genera­

tion type also leads to low diversity in these regions. This suggests that 

reservoir hydro may confound the SWI-price relationship, in which low 

diversity appears to be correlated with lower price increases, which we 

test below in Section 3.2.1. Neither VRE nor natural gas shares show a ro­

bust association with the average or extreme price outcomes. However, 

the gas share coefficient in Model 7 (𝛽 = +99, 𝑝 = 0.058) is only 

marginally insignificant, with a large positive estimate.
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Table 4 

Robust linear model estimates for price outcomes (Models 1–9).

Δ Average Price Δ P95 Δ CV

Variable Coef SE P-val Coef SE P-val Coef SE P-val

Model 1 Model 2 Model 3

SWI 60.72 30.28 0.045 30.39 29.31 0.300 −0.09 0.06 0.129

PEI −14.71 42.51 0.729 −33.26 48.53 0.493 −0.15 0.08 0.063

𝑅2
𝑤 (0.18) (0.08) (0.16)

Model 4 Model 5 Model 6

Stirling Index 96.25 82.78 0.245 −2.69 94.44 0.977 −0.26 0.19 0.169

PEI −13.40 56.10 0.811 −51.88 55.95 0.354 −0.17 0.09 0.065

𝑅2
𝑤 (0.06) (0.05) (0.15)

Model 7 Model 8 Model 9

Share Reservoir Hydro −129.40 51.21 0.012 −122.05 110.10 0.268 0.22 0.09 0.022

Share VRE −37.90 63.97 0.554 −21.83 82.65 0.792 0.24 0.10 0.024

Share Gas 99.25 52.27 0.058 76.62 64.38 0.234 −0.03 0.09 0.781

PEI −2.03 37.43 0.957 −26.69 46.86 0.569 −0.09 0.08 0.216

𝑅2
𝑤 (0.48) (0.31) (0.37)

Observations per model = 38

Notes: Estimates from robust linear models (Tukey’s biweight) with finite-sample corrected standard errors. Bold 

indicates 𝑝 < 0.05. SWI = Shannon-Wiener Index; PEI = Proportion Export-Import; VRE = Variable Renewable 

Energy. 𝑅2
𝑤 denotes the weighted pseudo coefficient of determination.

Table 5 

Reservoir hydro as a confounding factor (Model 10).

Δ Average Price

Variable Coef SE P-val

Model 10

Share Reservoir Hydro −155.34 65.04 0.017

SWI 2.06 34.91 0.953

PEI −0.21 37.90 0.996

𝑅2
𝑤 (0.42)

Notes: Estimates from a robust linear model (Tukey’s 

biweight) with finite-sample corrected standard errors. 

Bold indicates 𝑝 < 0.05. SWI = Shannon-Wiener Index; 

PEI = Proportion Export-Import. Observations 𝑁 =
38. 𝑅2

𝑤 denotes the weighted pseudo coefficient of 

determination.

Both higher VRE shares (𝑝 = 0.024) and higher reservoir hydro shares 

(𝑝 = 0.022) were significantly linked to greater increases in price vari­

ability in Model 9 (𝑅2
𝑤 = 0.37). Finally, across all models (1-9), a BZ’s 

pre-crisis trade orientation (PEI) showed no significant effect on any of 

the price metrics.

3.2.1 . The confounding effect of reservoir hydro

Both the SWI and reservoir hydro are associated with changes in av­

erage prices. To test whether the SWI effect persists once reservoir hydro 

shares are accounted for, we extend Model 1 with share reservoir hydro 

(Table 5). In this specification, the explanatory power increases substan­

tially, with the 𝑅2
𝑤 rising from 0.18 to 0.42, and the relationships shift 

drastically: the SWI coefficient drops to near-zero and loses its statisti­

cal significance (𝑝 = 0.953), while the reservoir hydro remains significant 

(𝑝 = 0.017). This suggests that reservoir hydro acts as a confounder in the 

SWI–price relationship. We conduct additional tests to assess whether 

controlling for nuclear or coal shares affects the SWI estimate, but find 

no evidence of confounding (Table S17).

3.3 . Interconnection capacity as a complementary predictor

The diversity, trade-orientation, and generation-share indicators in 

Models 1–9 all characterize zonal supply structure. To account for 

bilateral trade potential, we re-estimate Models 1–9 with IC95 added 

as an additional regressor (Table 6).

In the diversity-index-based Models 1c–6c, IC95 is negatively and sig­

nificantly associated with both ΔAverage Price (Model 1c; Model 4c) 

and ΔP95 (Model 2c; Model 5c), and positively associated with ΔCV 

in Model 3c. Adding IC95 substantially improves model fit, with 𝑅2
𝑤

rising from 0.18 to 0.42 in Model 1c and from 0.06 to 0.44 in Model 

4c. Notably, the previously significant SWI–ΔAverage Price association 

(Model 1c) loses significance once IC95 is included.

In Models 7c, IC95 and reservoir hydro share attenuate each other, 

rendering neither variable statistically significant. Only in Model 9c 

(ΔCV) do both variables remain individually significant. In our sam­

ple, the zones with the largest reservoir hydro shares are largely the 

same zones with the highest IC95 values, which limits the joint specifi­

cation’s ability to partition the effect between the two. A shift is noted for 

the gas-share coefficient in Model 7c that is now marginally significant 

(𝑝 = 0.049) with the point estimate essentially unchanged.

Taken together, IC95 adds explanatory power in the diversity-based 

specifications, but its effect cannot be cleanly separated from reservoir 

hydro share in our cross-sectional sample due to moderate collinearity 

and their shared geographic concentration. The Pearson correlation be­

tween IC95 and reservoir hydro share is approximately 𝑟 = 0.4, reflecting 

how the northern Nordic bidding zones combine both high reservoir-

hydro shares and high interconnection capacity values, though variance 

inflation factors remain below conventional thresholds across all speci­

fications (Tables S6–S7). The leave-one-out analysis (Section 3.4) indi­

cates that reservoir hydro carries the primary explanatory signal, while 

IC95 partly acts as a proxy when reservoir hydro is omitted.

3.4 . Leave-one-out analysis

We assess sensitivity to individual zones by re-estimating each spec­

ification 38 times, excluding one zone in each iteration. For each 

coefficient, we report the share of iterations that preserve the sign of the 

full-sample coefficient estimate (Sign%) and the zone whose exclusion 

produces the largest change in the estimate. Results for Models 1–10 are 

reported in Table S12, and the corresponding 𝐼𝐶95 specifications in 

Table S13.

Every coefficient that is significant in the full sample retains its sign 

in all 38 iterations. The reservoir hydropower coefficient is most strongly 

influenced by the northern Nordic bidding zones, particularly NO5 in 

Model 7 and SE2 in Model 10. SE2 also accounts for most of the variation 

in 𝐼𝐶95 across the diversity specifications. Coefficient magnitudes vary 

more substantially in Models 7c–9c, where both reservoir hydropower 
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Table 6 

Robust linear model estimates for price outcomes including interconnection capacity index (Models 1c–9c, 

complementary specification).

Δ Average Price Δ P95 Δ CV

Variable Coef SE P-val Coef SE P-val Coef SE P-val

Model 1c Model 2c Model 3c

SWI 24.38 23.46 0.299 11.93 27.45 0.664 −0.05 0.06 0.439

PEI −13.71 28.65 0.632 −42.49 34.42 0.217 −0.04 0.09 0.678

𝐼𝐶95 −26.93 7.79 0.001 −27.64 10.67 0.010 0.12 0.04 0.001

𝑅2
𝑤 (0.42) (0.33) (0.58)

Model 4c Model 5c Model 6c

Stirling Index 109.22 74.67 0.144 17.46 90.32 0.847 −0.25 0.18 0.168

PEI −2.19 30.39 0.943 −43.62 37.11 0.240 −0.06 0.09 0.488

𝐼𝐶95 −31.74 7.66 0.000 −29.40 10.08 0.004 0.13 0.04 0.000

𝑅2
𝑤 (0.44) (0.33) (0.58)

Model 7c Model 8c Model 9c

Share Reservoir Hydro −87.39 82.91 0.292 −86.24 119.74 0.471 0.18 0.08 0.019

Share VRE −20.05 57.78 0.729 −1.54 78.71 0.984 0.20 0.07 0.005

Share Gas 93.41 47.50 0.049 74.09 61.92 0.232 0.01 0.07 0.844

PEI 3.19 34.45 0.926 −19.99 43.77 0.648 −0.07 0.06 0.247

𝐼𝐶95 −14.88 12.52 0.235 −14.41 18.72 0.442 0.06 0.02 0.005

𝑅2
𝑤 (0.50) (0.33) (0.64)

Observations per model = 38

Notes: Estimates from robust linear models (Tukey’s biweight) with finite-sample corrected standard errors. 

Bold indicates 𝑝 < 0.05. SWI = Shannon-Wiener Index; PEI = Proportion Export-Import; VRE = Variable 

Renewable Energy; 𝐼𝐶95= Interconnection Capacity Index. 𝑅2
𝑤 denotes the weighted pseudo coefficient of 

determination.

share and 𝐼𝐶95 are included. Although both coefficients retain their sign 

throughout the leave-one-out analysis, their ranges widen considerably. 

This pattern reflects the identification issue discussed in Section 3.3, 

as the highest values of both variables are concentrated in the same 

Nordic zones. Because SE2 emerges as a disproportionately influential 

zone, we re-estimate the specifications with SE2 excluded (Table S14). 

Reservoir hydro remains statistically significant in the baseline specifi­

cation, whereas the 𝐼𝐶95 coefficient in the ΔAverage Price and ΔP95 

specifications becomes insignificant and decreases by roughly half in 

magnitude. This further supports the interpretation that reservoir hydro 

carries the primary explanatory signal, while 𝐼𝐶95 partly acts as a proxy 

when reservoir hydro is not explicitly included.

Variables that are not statistically significant in the full sample, in­

cluding PEI and the Stirling Index, frequently change their coefficient 

estimate signs across iterations. This behavior is consistent with effects 

that are indistinguishable from zero rather than being driven by specific 

zones.

3.5 . Temporal robustness & omitted variables

Re-estimating all main specifications against an extended 2016–2019 

baseline yields coefficient signs, magnitudes, and significance levels 

broadly consistent with the 2017–2019 results (Table S15). Reservoir 

hydro share remains the only robust predictor of lower average price 

increases, and the diversity indices remain weak predictors across all 

three outcome metrics.

Extending the analysis to 2023, the same broad pattern persists. 

Reservoir hydro share is associated with smaller price increases, and 

VRE share retains its positive association with ΔCV (Table S16). The 

diversity indices attain conventional significance for several 2023 out­

comes; however, all but one of these estimates carry a positive sign, thus 

associating greater diversity with larger, not lower, price increases. We 

refrain from interpreting the 2023 estimates further given the absence 

of a pre-registered hypothesis, but the stable reservoir-hydro and VRE 

coefficients, together with the unchanged diversity signs, indicate that 

the structural patterns identified for 2022 are not specific to that single 

crisis year.

We also test variables that could plausibly introduce omitted vari­

able bias. Adding reserve margin or storage capacity leaves the main 

results essentially unchanged, and neither variable is itself statistically 

significant in any specification (Tables S9–S10). Finally, we re-estimate 

Models 7–9 with VRE disaggregated into separate wind and solar shares 

(Table S11). In our sample, solar capacity is concentrated in the high 

priced southern zones and wind in the more moderately affected north­

ern zones (Figure S5), so both shares overlap with the north–south 

gradient of the price shock itself (Fig. 3). The wind and solar co­

efficients are therefore not cleanly separable from zonal location in 

this setting. The solar coefficient illustrates this point. It is large and 

positive (Model 7S, 𝛽 ≈ +568), which is implausible for a near-zero-

marginal-cost technology and better interpreted as solar share capturing 

southern location effects. The same geographic gradient appears in wind 

with the opposite sign, so the negative and significant wind coefficient 

(Model 7W, 𝛽 ≈ −32) cannot be reliably separated from its concentration 

in northern zones. We therefore decline to interpret either coefficient as 

a technology effect and retain the aggregated VRE share.

4 . Discussion

Diversity and price performance

By analyzing the price performance of 38 bidding zones (BZs) across 

Europe, we find no evidence that greater diversity in the generation mix 

mitigated the electricity price shocks of 2022. Studies using composite 

energy security indicators typically link diverse generation portfolios 

to lower market and operational risks [54] and lower overall energy 

risk scores [55]. Similarly, conceptual studies often frame diversity as 

a hedge against supply risks under uncertain future conditions [7,34,

56]. In our setting, however, we find no evidence that these suggested 

benefits carry over to favorable price outcomes. Prior empirical evidence 

points in the same direction. Molyneaux et al. [17] found a positive 

association between diversity and U.S. state electricity prices from 2003 

to 2012, which disappeared once fuel shares were accounted for. While 

Molyneaux et al. studied price levels over a decade, and we focus on 

a single acute event in 2022, both results indicate that generation-mix 

diversity is, at best, a null factor for electricity price outcomes.
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Why does diversity appear not to mitigate the price shocks?

Two mechanisms of the European electricity market explain this re­

sult. First, cross-border trade drives regional price convergence [57]. 

When transmission is congested, trade tends to narrow price differen­

tials, and during unconstrained hours, connected BZs effectively merge 

into a single price area, aligning prices regardless of supply differences. 

Second, marginal pricing anchors the wholesale price to the cost of the 

most expensive unit needed to meet demand [58]. In 2022, this marginal 

unit was predominantly natural gas, which set the price in 55% of hours 

despite contributing only 19% of generation [57].

Consequently, for a diverse portfolio to lower a BZ’s prices during a 

gas crisis, two conditions must be met: (1) the low-cost portfolio must 

be capable of displacing any zonal gas-fired unit from the margin, and 

(2) generate a low-cost surplus sufficient to saturate interconnectors 

(causing congestion and price separation), or generate sufficient low-

cost surplus to displace all the gas-fired units in the neighboring regions 

when it is not congested. Our results show that diverse systems did not 

systematically outperform less diverse ones on any measured price out­

come, consistent with the interpretation that these conditions were not 

systematically met.

The role of import dependence

If generation diversity failed to shield markets from price shocks, 

how about trade-orientation? We hypothesized that net importers would 

be more exposed, while net exporters would be shielded by their struc­

tural surplus. Our results, however, show no systematic relationship 

between pre-crisis trade orientation and price outcomes. This illustrates 

a dual dynamic of the European interconnected market. While intercon­

nection supports resource adequacy for deficit zones, it creates a channel 

for price contagion, causing both surplus and deficit zones to converge 

toward the same price [57]. For example, Lithuania consistently im­

ports over 60% of its demand, and Norway’s NO5 exports over 40%, yet 

both experienced price increases near the sample mean (see Fig. 3(c); 

Fig. 4(a)). Molyneaux et al. [17] similarly found no systematic relation­

ship between trade orientation and average electricity prices during the 

U.S. demand shock of 2003–2012. While their setting features heteroge­

neous state-level market rules, and we study BZs under more uniform 

market conditions, the message remains consistent: trade orientation 

does not explain price outcomes under system-stress conditions.

Finally, transmission capacity was largely intact during the crisis, 

meaning cross-border flows could still provide relief and likely pre­

vented the most extreme domestic scarcity outcomes in deficit zones. 

Results from Models 1c–9c further indicate that interconnection capacity 

(𝐼𝐶95) shows a stronger association with price outcomes than PEI. This 

suggests that, during the crisis, the scale of bilateral market coupling 

may have been more consequential than the net direction of electricity 

trade itself.

Reservoir hydro and interconnection capacity

Larger reservoir hydro shares are robustly associated with smaller 

average price increases, holding in both Model 7 and the extended 

Model 10 (Table 4; Table 5). One interpretation is that the intertemporal 

flexibility of reservoir hydro can reduce exposure to high prices by en­

abling low-cost energy to be shifted across time, in line with our original 

hypothesis. At the same time, the leave-one-out analysis and the spatial 

patterns in Fig. 3 suggest the effect is primarily driven by the northern 

Nordic zones. These zones are distinct because they combine large reser­

voir hydro shares with limited interconnection to continental markets. 

Moving them into a Switzerland-type setting, with strong coupling to 

gas-exposed neighbors, would likely have produced substantially higher 

price outcomes despite the same underlying generation mix. To illus­

trate, despite having among the largest reservoir-hydro shares in our 

sample, the southern Norwegian BZs (NO2 and NO5) saw annual av­

erage price increases more comparable to those in continental Europe 

(Fig. 3).

As identified in the leave-one-out analysis, the 𝐼𝐶95 estimate is 

largely contingent on one zone (SE2), falling to insignificance once SE2 

is excluded while reservoir hydro remains significant. We therefore do 

not interpret 𝐼𝐶95 as an independent moderator of changes in average 

or extreme prices, but rather as a proxy for the omitted reservoir-hydro 

signal. Of the available interpretations, we therefore find the combina­

tion of reservoir hydro and partial market isolation the most plausible 

explanation for the price-moderating pattern.

Reconciling the gas-share finding

The absence of a statistically significant association between gas gen­

eration shares and price outcomes in the main Models 7–9 may appear 

counterintuitive, given that the 2022 crisis was driven by surging gas 

prices. However, the gas-share coefficient in Model 7 is positive and siz­

able (𝛽 = +99, 𝑝 = 0.058), and clears conventional significance once 

the interconnection capacity (𝐼𝐶95) is included (Model 7c, 𝑝 = 0.049). 

The directional effect aligns with prior expectations across both specifi­

cations; what is absent is statistical precision. Two mechanisms explain 

why the gas share indicator can be a noisy predictor.

First, what matters for price exposure is not how dependent a zone 

is on gas-fired generation, but how frequently gas-fired generators are 

the marginal, price-setting units. A zone generating 40% of its electricity 

from gas is not necessarily less exposed than one generating 60%, if gas 

clears the market in a similar share of hours in both. A linear specifica­

tion assuming that higher gas shares always imply higher price exposure 

is therefore inherently noisy. Second, under market coupling, a neigh­

boring zone’s gas-fired unit can set the regional marginal price regardless 

of the zonal fuel mix. When transmission is unconstrained, zones effec­

tively merge into a single price area, further weakening the link between 

zonal gas share and gas driven price exposure. Both mechanisms are 

visible in the spatial patterns: Switzerland and France, with negligi­

ble domestic gas generation, experienced price increases comparable to 

gas-intensive Italy (Figs. 3c and 4c).

These dynamics explain why gas share, as a structural pre-crisis 

indicator, does not clearly differentiate zonal price outcomes, while 

remaining broadly consistent with the expected directional effect.

The absent price moderation of variable renewables

Higher VRE shares show no robust association with changes in av­

erage or extreme prices in our models. This pattern can be explained 

by how VRE interacts with the marginal price-setting unit. While infra-

marginal wind and solar lower the residual load met by other units, they 

do not lower the wholesale price in the hours when gas remains marginal 

– and in 2022 gas set the price in the majority of hours despite supplying 

less than a fifth of generation [57]. A zone’s VRE share therefore low­

ered its prices only in the comparatively rare hours when VRE output 

was high enough to push gas off the margin entirely. This result is con­

sistent with current European system configurations, where intermittent 

wind and solar generation are balanced largely by gas-fired generation 

[57,59]. Under these conditions, high VRE zones remain exposed to gas 

price volatility during low-wind and low-solar periods rather than insu­

lated from it. Simulations of future European power systems suggest that 

high shares of VRE, when complemented by storage, demand-side flex­

ibility, and grid expansion, could effectively displace gas at the margin 

and thereby reduce exposure to gas price shocks [19]. However, these 

mechanisms were likely not sufficiently established yet in 2022 for the 

hedging value of renewables to be realized.

Daily price variability

Our results show no systematic link between the change in average 

daily price variability and trade orientation, gas dependence, or gener­

ation diversity. We do, however, find that zones with higher reservoir 

hydro shares and a higher share of VRE tend to see larger increases 

in daily price swings. Looking at the 2022 daily price time series of 

two reservoir-hydro-dominated zones (NO3 and NO4), with the highest 

scores on the variability metric, we see long runs of stable, low-cost days, 

punctuated by occasional, short price spikes (see Figure S3). In such 

cases, the high Δ𝐶𝑉  metric reflects episodic spikes rather than persistent 

day-to-day instability. For VRE, the interpretation is different. When sys­

tems rely largely on intermittent generation, the price range varies from 

very low in hours of abundant VRE output to the gas-based marginal 

price when VRE output is low (see DK1 and LT; Figure S3). In periods 
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of high gas prices, this amplifies day-to-day price swings, as wholesale 

prices move with both the weather and gas market conditions. Thus, our 

volatility measure highlights two very different experiences of high vari­

ability: reservoir systems with mostly calm prices but occasional price 

spikes, and VRE-heavy systems with more frequent, day-to-day price 

swings.

One observation, though not decisive, favors the gas-complementary 

interpretation over a purely intrinsic intermittency explanation. In the 

pre-crisis 2017–2019 reference period, high-VRE-share zones did not 

exhibit systematically elevated day-to-day variability compared with 

low-VRE zones (Figure S4). The relationship is in fact weakly negative, 

although overall VRE penetration was lower during that period. If VRE 

intermittency mechanically translated into price volatility, one would 

expect at least a weak positive baseline relationship. The absence of such 

a pattern at baseline is therefore more consistent with a mechanism in 

which VRE effects are mediated by interactions with the marginal price-

setting technology, rather than reflecting an intrinsic volatility effect 

of VRE itself. However, cleanly separating the two channels would re­

quire either hourly merit-order data within zones or a sample contrasting 

VRE-heavy zones with and without gas-fired balancing capacity.

4.1 . Limitations & future research

Our analysis has several limitations. First, our analysis relies on a 

sample of 38 BZs, which has limited statistical power. Second, we only 

examine linear relationships; non-linear relationships or threshold ef­

fects may therefore remain undetected within the scope of our model. 

Third, our findings apply specifically to a single synchronized fuel-price 

shock under operative European market coupling, and may not gener­

alize to qualitatively different shock types such as droughts, extreme 

weather events, or large unit failures. Finally, while we exclude two 

bidding zones subject to direct price-altering policies during the crisis 

(the Iberian zones), other policy measures introduced during the crisis, 

such as retail price subsidies, windfall taxes, and demand reduction tar­

gets, might contribute to residual variation in our models, though these 

policies are difficult to quantify cross-sectionally. Future work should 

test the indicators examined here against different shock types necessary 

to determine whether the diversity null is specific to fuel-price shocks 

under market coupling or reflects a more general feature of liberal­

ized electricity markets. Most importantly, given the disconnect between 

zonal physical supply structure and price outcomes documented here, 

supply-security indicators should be extended to explicitly account for 

cross-border interconnections and marginal price dynamics, rather than 

focusing on zonal or national generation portfolios alone.

5 . Conclusion

Our results add nuance to the assumption that generation diversity, 

renewable energy deployment, and self-sufficiency protect electricity 

markets from price shocks during fuel supply disruptions. Across 38 

bidding zones, we find limited evidence that these pre-crisis struc­

tural characteristics account for cross-zone variation in wholesale price 

outcomes during the 2022 energy crisis. Specifically:

1. We find no evidence that greater generation diversity mitigated 

the price shock.

2. Neither structural import dependence nor export orientation 

shows a robust association with price performance.

3. Reservoir hydro share is the only robust predictor of smaller price 

increases, though we cannot separate the contribution of reser­

voir hydro’s flexibility and low-cost characteristics from that of 

partial market isolation in our sample.

4. Larger shares of variable renewables are associated with ampli­

fied day-to-day price variability, without systematically lowering 

average or extreme prices – plausibly reflecting high-VRE sys­

tems’ reliance on gas-fired balancing.

5. Gas generation shares show a directionally positive but imprecise 

association with price outcomes, consistent with spillover across 

coupled markets diluting the zonal gas-share signal.

These results are specific to a synchronized fuel-price shock under 

European market coupling, and we are cautious about generalizing them 

to different shock types or system configurations. Within this setting, our 

findings nonetheless provide empirical evidence that commonly used 

energy security indicators did not deliver the price-moderating effect 

their conceptual framing predicts. The broader implication is that, in in­

terconnected markets with marginal pricing, regional market dynamics 

can dominate the influence of zonal supply characteristics. Future assess­

ments should therefore explicitly account for these market mechanisms 

rather than optimizing portfolios according to zonal supply metrics. 

Otherwise, policymakers risk pursuing system configurations for price 

benefits they cannot deliver.

Glossary

BZ (Bidding Zone) A geographic electricity market area with a single 

wholesale day-ahead price.

Day-ahead price The wholesale electricity price is formed in the day-

ahead market.

Load-weighted average price Annual average electricity price 

weighted by hourly electricity demand, so high-load hours con­

tribute more.

Marginal pricing Electricity market pricing mechanism where the 

marginal generating unit sets the market-clearing price.

Market coupling Cross-border electricity market integration where 

interconnection and trade link prices between zones.

ΔAverage Price Crisis-induced change in annual average day-ahead 

price, defined as 𝑃2022 − 𝑃2017–2019 (e/MWh).

ΔP95 Change in the 95th percentile of daily average prices (extreme 

price indicator), from 2017–2019 to 2022 (e/MWh).

ΔCV (Coefficient of Variation) Change in relative price variability 

measured as 𝐶𝑉 = 𝜎∕𝜇 (unitless), from 2017–2019 to 2022.

ACM (Adjusted Capacity Mix) A structural generation mix indicator 

where installed capacities are scaled by historical capacity factors 

to approximate typical energy contributions by technology.

CF (Capacity factor) Average utilization rate of a generating technology 

over time.

SWI (Shannon–Wiener Index) A diversity metric capturing variety and 

balance of technology shares in the adjusted capacity mix.

Stirling Index A diversity metric that combines variety, balance, and 

disparity (functional differences between technologies).

Disparity The degree of functional difference between technologies, 

used as a component in the Stirling Index.

Dispatchability The ability of a technology to supply electricity on 

demand (i.e., controllability of output).

PEI (Proportion Export–Import Index) A pre-crisis trade-orientation 

indicator ranging from −1 (all consumption imported) to +1 (all 

generation exported).

VRE (Variable Renewable Energy) Renewable generation with vari­

able availability, including solar, wind, and run-of-river (and 

pondage).

Reservoir hydro Dispatchable hydropower with storage capability, 

allowing shifting of generation over time.

Run-of-river (and pondage) Hydropower with limited or no storage; 

generation largely follows river inflows.

IC95 Cross-zonal interconnection capacity in 2021 normalized by aver­

age annual load.

RLM (Robust Linear Model) Regression approach designed to reduce 

sensitivity to outliers.

Tukey’s biweight A robust weighting function used to down-weight 

outliers in robust regression.

𝑹𝟐
𝒘 (Weighted pseudo-𝑹𝟐) A model fit metric adapted for robust 

regression, accounting for robustness weights.
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VIF (Variance Inflation Factor) A diagnostic measure for multi­

collinearity among regression predictors.
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