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A B S T R A C T

This paper analyzes the impact of energy market conditions, specifically electricity and natural
gas prices, on systemic risk in the Euro Area. We adopt the 𝐶𝑜𝑉 𝑎𝑅 methodology introduced by
Tobias and Brunnermeier (2016) to analyze shifts in the system’s value at risk, incorporating
considerations for electricity and natural gas prices. Our findings reveal that energy-related
variables influence systemic risk to a similar extent as other state variables, such as interbank
spreads and market volatility. Notably, we find that electricity prices have a more pronounced
impact on banks’ risk compared to natural gas prices. Moreover, we observe that the 𝛥𝐶𝑜𝑉 𝑎𝑅
serves as a reliable measure of systemic stress conditions when compared to the CISS index
established by the ECB. Specifically, the 𝛥𝐶𝑜𝑉 𝑎𝑅 developed in this paper, based on data up to
the year 2021, anticipates the stress in the system that the CISS index captures in 2022.

1. Introduction

Over the past three years, geopolitical turmoil stemming from the ongoing Russian invasion of Ukraine and the COVID-19
pandemic has had far-reaching consequences. Notably, these events have not only skyrocketed the price of many commodities
in the Eurozone but have also severely increased market volatility (Yating et al., 2022). This has undermined the real economy,
affecting both production and economic growth (Cook et al., 2022), and consequently the financial sector (Goodell, 2020; Liu et al.,
2021). The most pronounced effects have been observed in the European electricity and natural gas markets, primarly due to the
energy-importing nature of European countries (Batlle et al., 2022). Furthermore, it is noteworthy that the principal energy partner
for European countries is the Russian Federation (Baranowski, 2022).

In this context, Natural gas (NG) plays a pivotal role in the whole European energy sector in dependence of pricing mechanism
that intimately ties the final price of electric power to its marginal production cost. Within this framework, the electricity price
is continuously determined by matching the electricity’s marginal cost and the energy demand in a marginal price-based market
design. Often referred to as the Merit order system, this framework rules the electricity price setting by identifying the energy
source that establishes the equilibrium price. Research by Zakeri et al. (2022) has demonstrated that in 2019, two third of the
time the electricity price has been driven by the NG price in the European exchanges, despite NG accounting for only 37% of
electricity production across European countries (on average among European Countries). This underscores the prevalence of NG
in this pay-as-clear electricity market (ACER, 2021). Furthermore, this study has documented that the dependence on NG in energy
price settlement tends to amplify when the marginal cost of electricity production increases, settling the electricity equilibrium
price even higher, the more is the marginal cost for the electricity production, which is ultimately function of the CO2 costs and
the price of the natural gas itself (Roeger and Welfens, 2022). As if that were not enough, the price settlement through the merit
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order clearing has proven to be a flywheel of contagion among commodity markets in time of distress; this being closely tied to the
natural gas-centric nature of the electricity (Chuliá et al., 2019). Similarly, the European Union Agency for the Cooperation of Energy
Regulators (ACER) in late 2021 indicated that electricity prices in Europe were significantly linked to dynamics in the natural gas
market, thereby making them highly dependent on price movements and supply–demand dynamics (ACER, 2021). Consequently,
they are heavily influenced by the import of Liquefied Natural Gas (LNG) from North-East Asia and South America, which played
a pivotal role in raising commodity prices during and after the pandemic. The pipeline import from Russia has also emerged as a
key factor driving the surge in electricity prices (Zakeri et al., 2022).

The scenario described thus far, along with the energy market fundamentals in Europe, constitutes a perilous transmission channel
or negative externalities affecting the economy and the financial sector. This concern is compounded by the dominant role of the
atural gas in shaping energy markets. Consequently, it is natural asking how and to what extent turmoil in the natural gas market
nd electricity price movements might impact the real economy, and what could be the implications for the financial sector.

Changes in energy prices can have various effects on financial institutions, influencing their loan performance, asset valuation,
nd market exposure. The direct impact on the performance of energy sector loans is straightforward. Financial institutions with
ignificant exposure to the energy sector, such as loans to oil and gas companies, may see increased default rates if energy prices
all sharply. Conversely, a rise in energy prices can improve the creditworthiness of these borrowers. Therefore, banks and other
enders with high exposure to the energy sector may face increased credit risk during periods of energy price instability. This can
ead to a reassessment of risk profiles and potentially tighter credit conditions. Additionally, the value of collateral tied to energy
ssets (e.g., oil reserves, drilling equipment) may fluctuate with energy prices, affecting the stability of financial portfolios. From a
heoretical perspective, price changes in these two commodities are expected to impact financial institutions’ performances and risk
rofiles through two distinct trajectories, as demonstrated for other commodity types. The first one is the so-called inflation channel
Jones et al., 2004), wherein a rise in inflation level caused by a jump in commodities prices could lead to credit market frictions
nd increased distress in existing credit positions, both potentially detrimental to the banking sector (Huybens and Smith, 1999). In
act, energy prices are a significant component of inflation indices. Persistent changes in energy prices can influence inflation rates,
rompting central banks to adjust interest rates. Changes in interest rates affect the cost of borrowing and the returns on savings
nd investments. Financial institutions must manage interest rate risk, which can be exacerbated by volatile energy prices. As a
esult, financial institutions with substantial investments in energy stocks or bonds may see significant fluctuations in their portfolio
alues due to changes in energy.

The second spillover channel, documented by Brückner and Ciccone (2010) and Kilian and Park (2009), is driven by GDP and
he employment rate changes, which, depressed by turmoil in energy commodities markets, in turn might negatively affect banking
ector as well as the market of financial institution. In particular, changes in energy prices affect disposable income. Higher energy
rices can reduce consumer spending on other goods and services, potentially leading to broader economic slowdowns. Lower energy
rices can have the opposite effect. As for non-energy businesses, energy costs are a significant expense. Higher energy prices can
queeze profit margins, particularly for energy-intensive industries, potentially leading to increased default risk on business loans.

These premixes introduce the aim of the paper, which seeks to investigate the impact of energy market conditions (specifically
lectricity and NG futures prices) on the systemic risk profile of European financial institutions. In this way, we aim to assess the
ystemic perturbation affecting financial intermediaries and the financial sector as a whole, resulting from negative externalities
riginating in these markets. To achieve this, we employ a modified version of the 𝐶𝑜𝑉 𝑎𝑅 methodology introduced in Tobias and
runnermeier (2016). This methodology evaluates changes in value at risk within the system, contingent on the stress levels of

ndividual institutions, controlling for both institution-level variables and exogenous factors, such as monetary policy conditions,
inancial indicators, electricity and NG prices. This approach enables us to assess the impact of energy and gas prices on systemic
tress conditions of individual financial institutions and the financial sector as a whole.

We develop the proposed methodological strategy using a dataset composed of merged balance sheet and stock price data from
ublicly listed financial institutions operating within the Euro Area. This dataset provides the endogenous information on which
o measure the impact of a pool of exogenous financial, monetary, and credit factors, along with the inclusion of energy market
rices. The available sample spans from 2010 to 2021, covering years before the pandemic-induced global economic downturn and
he subsequent recovery, coinciding with the surge in NG prices that began in the second half of 2021 due to the first echoes of the
ussian-Ukraine conflict. We find that our methodology performs well in explaining stress conditions compared to an ECB-originated

ndex (the Composite indicator of System Stress, CISS (Holló et al., 2012)), displaying some potential for anticipatory capability.
Our study contributes to the literature in several ways. Firstly, we are the first to present an evaluation of the impact of electricity

nd NG on the European financial market using a systemic risk approach. There is a lack of research documenting these relations;
ndeed, the existing literature mainly focused on perturbances in financial markets induced by the oil markets (Antonakakis et al.,
014; Kang and Ratti, 2013; Zhang, 2017; Hong et al., 2023). Secondly, our work could serve as a ‘watershed’ for the renewable
nergy sector, and, simultaneously, it could feed the need for a reformulation of the European electricity price settlement framework.
ndeed, it highlights the vulnerability of the European financial sector to extreme movements of commodity markets, prompting the
eed to disanchor the marginal price settlement by introducing a system with minor fossil fuels dependence.

The remainder of the paper is structured as follows. Section 2 describes the methodology and the dataset. Section 3 shows and

iscusses the results. Section 4 presents our conclusions.
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2. Literary review

In the last decade, a considerable number of scholars and practitioners have been examining new patterns of cross-connectedness
nd spillovers analysis among markets stemming from globalization, financial liberalization, and trade integration (Caporin et al.,
021). These links have become increasingly intricate and challenging to investigate, necessitating sophisticated techniques to
nderstand the directions and the magnitude of cross-effects among markets. A prominent strand of literature on this topic concerns
he cross-effects among commodity markets, a subject explored in the works of Mensi et al. (2013), Du and McPhail (2012), Křehlík
nd Baruník (2017), Lu et al. (2019), Barbaglia et al. (2020), An et al. (2020), Xiao et al. (2020) and Yahya et al. (2019). For
nstance, Rehman et al. (2018) underscore the central role of the oil market shocks in influencing returns’ tail behaviors across
ll other commodity markets. However, Khalfaoui et al. (2021) find weak significant dependency between energy and non-energy
ommodity prices using the quantile coherency approach developed by Baruník and Kley (2019). These results are not entirely
onsistent with the findings of Albulescu et al. (2020), who document asymmetric tail dependence between energy, agriculture, and
etal markets. Along the same lines is the work of Du and McPhail (2012) and Umar et al. (2021) that demonstrate how the energy
rice is an irrefutable determinant in influencing prices both in agricultural markets and in metal markets. Additionally, Rehman and
o (2021) identify returns integration between energy fuels markets and precious metal commodities. Regarding the relationship
etween oil market and NG market (Hulshof et al., 2016; Nick and Thoenes, 2014) document the poor connectivity between
hese two commodity markets, contrary to the prevailing sentiment in the literature, influenced by Panagiotidis and Rutledge
2007), Brown and Yucel (2008) and Yadav et al. (2023), who assert otherwise. Especially (Yadav et al., 2023) have documented a
trong influencing impact of NG on oil price during the recent turmoil, demonstrating that the two energy commodities are intimately
ied.

A substantial body of literature has focused also on the effects of commodities on stock markets, financial institutions and
ountries economic conditions, with a particular emphasis on oil market. Wei et al. (2020) and Li et al. (2020) concur on the existence
f the so-called natural resources curse, wherein natural resources could impede countries’ economic growth paths. Antonakakis
t al. (2014) explore the relations between oil markets and country level-risk, finding a bilateral relationship between economic
olicy uncertainty and oil prices. Similarly, Kang and Ratti (2013) apply the same methodology (structural VAR-impulse response
nalysis) to stock market returns, revealing how the oil market significantly influences both countries and stock markets with a time
elay. Ahmed (2017), exploiting the findings of Kilian and Park (2009), support the latter view demonstrating that also natural gas
arkets shocks have the potential to negative influence volatility in stock markets. Nazlioglu et al. (2015) investigate volatility

o-movements between oil and financial markets, demonstrating a severe risk connectedness between the two. Geng et al. (2021)
o further, providing the inverse effects of financial markets’ movements on oil markets. On the same wavelength are the findings
iscovered by Zhang (2017) who demonstrates how oil markets impact mostly regional financial markets but suffer from movements
n international financial markets. Kang et al. (2017) arrive at similar results, demonstrating increased spill-overs during crisis
pisodes, analyzing the period between the 2002 to 2016. Besides, energy markets and stock markets tend to be more connected
uring financial crisis as proven by Jebabli et al. (2022), who further show that stock markets were net transmitters of volatility to
nergy markets during the 2008 global financial crisis, while the patterns differed during the Covid-19 crisis, in which commodities
ad a more significant influence on financial markets than viceversa. This last statement has also been validated by Abuzayed and
l-Fayoumi (2021), who shed light on the structural link between crude oil and stock markets. For what concern the institutions
arket stability, Apostolakis et al. (2021) document that a sudden increase in oil prices could worsen overall economic conditions,

mpede economic activity, and disrupt macro-financial stability through the banking system. Ma et al. (2021) proof that oil supply
hocks and oil-specific demand shocks increase and decrease respectively the risk in China’s financial sector, confirming the results
f Qin (2020). The analysis of the remaining literature reveals that most previous studies have primarily focused on the oil market,
aying little attention to the natural gas market and even less on other sources of energy (see e.g., Ewing and Malik (2016) and Mensi
t al. (2013)).

At the current state of the art, no one has investigated the impact of electricity and natural gas markets on the financial sector,
articularly regarding the timing and magnitude of these economic shocks. For this reason, we aim investigating the following
ypothesis:
ypothesis 1: A turmoil condition in natural gas and energy markets spill-overs into Euro financial markets increasing the riskiness

of the financial institutions and the sector stability as well.
Second, we posit that the effects on financial system are time delayed, considering that the spillovers channel abovementioned

n the introduction are not simultaneously activated.
ypothesis 2: The response of financial markets to energy markets shocks is time delayed, contrarily to what happened in financial
arkets themselves.

. Methodology

This section outlines the methodology used to compute institutions’ 𝛥𝐶𝑜𝑉 𝑎𝑅 building upon the original formulation introduced
in the milestone paper written by Tobias and Brunnermeier (2016). The authors proposed this novel methodology to measure the
contribution of individual institutions to the overall systemic risk within the financial sector. This goes beyond simply considering
the risk arising from direct interconnections among firms due to contractual linkages, by also evaluating the potential indirect
spill-over effects of macroeconomic risk factors on the financial landscape. In doing so, the 𝐶𝑜𝑉 𝑎𝑅 measure is initially derived. This
3 
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measure quantifies the potential losses within the financial system as a result of the financial distress of each institution. Specifically,
it involves calculating the Value at Risk (𝑉 𝑎𝑅) of the entire financial system conditioned on the 𝑉 𝑎𝑅 of the 𝑗th institution:

𝑃𝑟(𝑋𝑠𝑦𝑠𝑡𝑒𝑚 ≤ 𝐶𝑜𝑉 𝑎𝑅𝑠𝑦𝑠𝑡𝑒𝑚
𝑞 |𝑋𝑗 = 𝑉 𝑎𝑅𝑗

𝑞) = 𝑞 (1)

here 𝑋𝑠𝑦𝑠𝑡𝑒𝑚, 𝑋𝑗 represent the loss variables of the financial sector and the 𝑗th institution, respectively, and 𝑞 is the chosen
istributional quantile. ‘𝑃𝑟’ symbolizes the classical probability function.

The marginal contribution of each 𝑗th institution to the global systemic risk is captured by the 𝛥𝐶𝑜𝑉 𝑎𝑅, which is calculated
sing the following expression:

𝛥𝐶𝑜𝑉 𝑎𝑅𝑠𝑦𝑠𝑡𝑒𝑚|𝑗
𝑞 = 𝐶𝑜𝑉 𝑎𝑅

𝑠𝑦𝑠𝑡𝑒𝑚|𝑋𝑗=𝑉 𝑎𝑅𝑗
𝑞

𝑗 − 𝐶𝑜𝑉 𝑎𝑅
𝑠𝑦𝑠𝑡𝑒𝑚|𝑋𝑗=𝑉 𝑎𝑅𝑗

50%
𝑗 (2)

It expresses the difference between the potential losses incurred in the financial system due to significant losses of the 𝑗th
nstitution, and the 𝑉 𝑎𝑅 of the system under the scenario of median state of 𝑋𝑗 . A larger disparity between these two variables
ndicates a greater systemic impact resulting from losses in the 𝑗th institution.

The next step in the analysis involves estimating time varying quantities, requiring evaluation of the introduced measures for
ach data point within the considered analysis period. To address this challenge, we opted to use quantile regression (Koenker,
005), approaching the parameters estimation through the IRLS (iterated reweighted least of squares), due to its efficiency and
recision, particularly for large datasets (Muggeo et al., 2012). Quantile regression not only accommodates non-linear relationships
mong variables but also accounts for tail events of variables through exogenous macroeconomic and financial state covariates. The
lexibility of this approach provides an avenue for enhancing the original model to assess the potential impacts of energy and natural
as prices on financial sector stability. Specifically, it is possible to evaluate 𝑉 𝑎𝑟, 𝐶𝑜𝑉 𝑎𝑅 and 𝛥𝐶𝑜𝑉 𝑎𝑅 over time, while controlling
or these new state variables. Concretely, the general formulation of the quantile regression equations, involving the new factors, is
isplayed in the following:

𝑉 𝑎𝑅
𝑗
𝑡,𝑞 = 𝛽𝑗0 + 𝛽𝑗𝑍𝑡−𝑚 + 𝛾̂𝑗𝐸𝑡−𝑙 (3)

𝐶𝑜𝑉 𝑎𝑅
𝑠𝑦𝑠𝑡𝑒𝑚|𝑗
𝑡,𝑞 = 𝛽𝑠𝑦𝑠𝑡𝑒𝑚|𝑗0 + 𝛼𝑗𝑝𝑉 𝑎𝑅𝑗

𝑡,𝑞 + 𝛽𝑠𝑦𝑠𝑡𝑒𝑚𝑍𝑡−𝑚 + 𝛾̂𝑠𝑦𝑠𝑡𝑒𝑚𝐸𝑡−𝑙 (4)

̂𝛥𝐶𝑜𝑉 𝑎𝑅
𝑠𝑦𝑠𝑡𝑒𝑚|𝑗
𝑡,𝑞 = 𝐶𝑜𝑉 𝑎𝑅

𝑠𝑦𝑠𝑡𝑒𝑚|𝑗
𝑡,𝑞 − 𝐶𝑜𝑉 𝑎𝑅

𝑠𝑦𝑠𝑡𝑒𝑚|𝑗
𝑡,50% = 𝛼𝑗𝑝𝑉 𝑎𝑅𝑗

𝑡,𝑞 − 𝛼𝑗50%𝑉 𝑎𝑅𝑗
𝑡,50% (5)

here 𝑍𝑡−𝑚 is the vector of financial and economical state variables lagged by ‘𝑚’ period of time and 𝐸𝑡−𝑙 is the vector of energy
nd natural gas prices lagged by ‘𝑙’ periods of time.

Unlike to the original model, we have introduced a dependence of the parameter 𝛼𝑗𝑞 on the quantile considered. Therefore,
hen calculating the ̂𝛥𝐶𝑜𝑉 𝑎𝑅𝑡,𝑞 (as in Eq. (5)), the values 𝑉 𝑎𝑅

𝑗
𝑡,𝑞 and 𝑉 𝑎𝑅

𝑗
𝑡,50% are multiplied by 𝛼𝑗𝑝 and 𝛼𝑗50%, respectively, which

ere estimated in Eq. (4). This enhancement is consistent with the existing literature in this field. Several authors have cautioned
gainst assuming a priori equality of coefficients across quantiles (Davino et al., 2013; Koenker and Machado, 1999). Regarding
he lag of the covariates, this is not predetermined, unlike the approach taken in the paper of Tobias and Brunnermeier (2016),
here the independent variables are time-shifted by one period. While we have found support for the one-period lag assumption

n the financial variables vector 𝑍𝑡−𝑚, such as in Huang and Uryasev (2018), and Duan et al. (2021), the lag order selection would
ot be predetermined in this study; instead it will be determined through an appropriate selection scheme. In contrast to financial
ovariates, the introduction of covariates lagged by more than one period is well justified in the literature concerning natural
esources markets. For example, Qin (2020) demonstrates that the financial sector’s response to shocks in oil price and supply
xperiences a delay of several weeks. This supports the exclusion of contemporaneous effects of the covariates and underscores the
mportance of identifying the appropriate lag order.

. Data

We propose the 𝐶𝑜𝑉 𝑎𝑅 analysis using weekly frequency data covering the period from December 31, 2010, to December 31,
021, for a sample of European financial institutions.1 This timeframe encompasses years preceding the pandemic-related global
conomic downturn and the subsequent recovery, which coincides with the rise in natural gas prices starting in the second half
f 2021. The selection of the sample size was conditional upon data availability for a sufficient number of institutions. Therefore,
e conducted the analysis on the top 45 European financial institutions by size. This choice is supported by Castrén et al. (2006),
ho found that smaller banks tend to rely more on local investments and suffer less from systemic perturbations in the short term.
dditionally, the lower liquidity of smaller banks’ stock markets suggests that focusing on larger banks can more effectively capture

he banking market’s response to energy and natural gas shocks. Furthermore, for larger banks, accounting data can be directly
erified from their balance sheets, and more granular data is available since they publish quarterly reports (This is crucial for the
ethodological part, as will be discussed later). In conclusion, our selection of weekly data, sample size, and sample composition

1 The period has been deliberately limited to 2021 to exclude the Russian–Ukrainian conflict and, therefore, avoid introducing additional complexity into the

nalysis.
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aligns with those used in closely related studies, such as Acharya et al. (2017), Borri and Di Giorgio (2022), and Huang and Uryasev
(2018).

Regarding the composition of the sample institutions, all of them are listed firms falling within one of the following categories of
inancial institutions2: commercial bank, savings bank, private banking, finance company and investment and trust corporation. For
ach institution, we collected the Total asset and total equity values at a yearly frequency from the BankFocus database. In Table 8
n the Appendix is displayed the financial sample investigated with the detail of all the banks considered.

To conduct the analysis described thus far, we have chosen to maintain the construction of the dependent variable used in the
riginal paper. Specifically, we assess the growth rate of total assets for each financial institution (and its variant for the system) as
he variable to be evaluated for 𝑉 𝑎𝑅:

𝑋𝑗,𝑡 =
𝑀𝐸𝑗,𝑡𝐿𝐸𝑉𝑗,𝑡 −𝑀𝐸𝑗,𝑡−1𝐿𝐸𝑉𝑗,𝑡−1

𝑀𝐸𝑗,𝑡−1𝐿𝐸𝑉𝑗,𝑡−1
(6)

where 𝑀𝐸𝑗,𝑡 and 𝐿𝐸𝑉𝑗,𝑡 respectively stand for market equity and leverage ratio of the 𝑗th firm at time 𝑡. To perform the analysis at
weekly frequency, the components of this latter ratio have been transformed to conduct the original series to a higher frequency

ne. Rather than opting for a simple linear interpolation between adjacent years, as suggested instead by the author of the 𝐶𝑜𝑉 𝑎𝑅
pproach, we aimed to enhance the accuracy of estimates by extracting information from weekly stock prices using time series
isaggregation. This approach uncovers the high-frequency series (HF) by observing the low-frequency one (LF), achieved through
egression of LF on variables closely linked to it, but available at a higher frequency. Thus, we construct the HF for 𝑀𝐸𝑗,𝑡, 𝐿𝐸𝑉𝑗,𝑡
owards weekly stock prices3 employing the technique developed by Denton (1971) and refined by Dagum and Cholette (2006).
tilizing stock prices as HF indicators aligns with the conditions recommended by the ECB for time disaggregation techniques,
hereby ‘candidate high frequency indicators should closely approximate the expected short-term movement of the target variable and show
good correlation with the original target variable’ (Buono et al., 2018).

The method is organized in two steps. In the first step of our analysis, the annualized series of stock prices, denoted by 𝑋ℎ𝑓 , is
egressed on the annual series of balance-sheet data, denoted by 𝑋𝑙𝑓 . The matrix of coefficients is then evaluated using generalized
east squares regression (GLS), represented as:

𝛽(𝛴) = [𝑋𝑇
ℎ𝑓𝐴

𝑇 (𝐴𝛴𝐴𝑇 )𝐴𝑋ℎ𝑓 ]−1𝑋𝑇
ℎ𝑓𝐴

𝑇 (𝐴𝛴𝐴𝑇 )−1𝑦𝑙𝑓 (7)

here the annualized data have been obtained through the matrix 𝐴, which is a properly conversion matrix,4 multiplied by 𝑦𝑙𝑓 ,
which is the low frequency series. In the second step, assuming that the relationship between the yearly series and the annualized
one holds for all time horizons, including the weekly timestep, we performed the weekly disaggregation of the series as follows:

𝑦ℎ𝑓 = 𝛽𝑋ℎ𝑓 +𝐷(𝑦𝑙𝑓 − 𝑦ℎ𝑓 ) (8)

where 𝐷 is the so-called distribution matrix responsible for distributing the residuals 𝑦𝑙𝑓 −𝑦ℎ𝑓 among the preliminary weekly series.
At this purpose, to make this attribution, we employed the method developed by Litterman (1983) which estimates the D matrix
by assuming that the low-frequency data is a non-stationary process. This approach aligns with the work of Bontempi et al. (2015).
The results of the GLS estimations will be presented in Appendix.

Regarding the covariates used in the analysis, the inclusion of financial and economic state variables follows the literature strands
in systemic risk measurement (Del Vecchio et al., 2022; Tobias and Brunnermeier, 2016); the incorporation of chosen commodities
prices is a novelty in this research field, to the best of our knowledge.

First of all, the change in the slope of European yield curve (SLOPE) has been included. This metric is renowned as a business
cycle predictor (Adrian et al., 2010a; Croushore and Marsten, 2016), indeed it has demonstrated that high slopes anticipate periods
of economic growth, while a flattening of the yield curve predicts economic contractions (Liu and Moench, 2016), making it efficient
early-warning predictor. However, instead of adhering to the standard formulation of the variable, which typically is represented by
the difference between long-term spot rate (typically at 10-year maturity) and short-term spot rate (typically at 1-year maturity) (a
formulation that can vary significantly due to the arbitrary choice of maturities used for the interest rates), we choose to analyze the
series of the 𝛽1 coefficient in the Nelson–Siegel–Svensson model (Nelson and Siegel, 1987). The ECB uses the latter model daily to fit
the yield curve of the Eurozone, providing the historical series of 𝛽1 coefficient (one of the components of the model) that uniquely
epresents the slope of the yield curve, as discussed in the ECB working paper of Afonso and Martins (2012) and by Diebold and Li
2006). To ensure more realistic results, our analysis used yield curve estimations involving all issuers within the Eurozone.

The second covariate is the weekly VSTOXX EUR (VSTOXX), it represents the volatility (historical volatility) observed in the
0 largest stocks in Europe (the components of the EUROSTOXX 50 index). Higher volatility indicates increased uncertainty in the
arket, leading to an elevated risk of extreme losses. Moreover, volatility can be regarded as the price of risk in the financial market.

t reflects not only investors’ aversion to risk but also the likelihood of defaults due to rising credit spreads, viewed from a structural
erspective (Gonzalez-Hermosillo, 2008).

2 These are the specializations provided by BankFocus, Moody’s analytics data provider.
3 All the stock price series have been downloaded from Refinitiv database.
4 𝐴 is the conversion matrix that characterized the ‘sum’ type of temporal disaggregation: 𝐼𝑛𝑙

⨂

𝐽𝑛∕𝑛𝑙 . Where 𝑛𝑙 and n are respectively the number of annual
nd weekly observations. The symbol ⨂ stands for the Kronecker product, meanwhile 𝐼𝑛𝑙 and 𝐽𝑛∕𝑛𝑙 stands for the identity matrix of dimension 𝑛𝑙 and the

ow-vector composed of 1 of dimension n.
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Table 1
Summary statistics of covariates.

mean SD Rel.SD min max 1% quantile ADF

EUR.YLD 0,32773 0,00380 6,81467 −0,01293 0,02286 −0,00995 −5.952***
EUR.STOXX. 0,00070 0,01193 16,9442 −0,05258 0,05182 −0,03217 −6.139***
SLOPE −0,00046 0,02470 53,8907 −0,13251 0,10164 −0,07571 6.845***
VSTOXX 21,5747 6,66336 0,30884 11,5767 49,5192 12,5262 −4.001***
EL.ITY 0,00055 0,00380 6,81467 −0,01293 0,02286 −0,00995 −5.952***
NAT.GAS. 0,00311 0,03784 12,1465 −0,11430 0,25144 −0,08624 −4.017***

Note: ***, **, and * indicate statistical significance at the 1%, 5%, and 10% levels, respectively. For ADF it’s intended the result of the augmented Dickey–Fuller
test for stationarity of time series (D.A. Dickey & W.A. Fuller, 1979). Rel. SD stands for Relative standard deviation, it is calculated as: 𝑆𝐷

|𝜇|
.

Furthermore, tha analysis involves also a proxy for Short-term liquidity conditions (EUR.YLD). The latter has been constructed as
he difference between EURIBOR rate at three months maturity and the spot interest rate at the same maturity. This difference signals
shortage of liquidity in the market the more is the proximity of the EURIBOR (the most spread interbank rate in Europe)(EUR) to

he spot rate (derived as the weighted average return of bonds issued by European states)(YLD).
The last financial variable involved concerns the Equity market returns. To represent this variable in the analysis,we chose to

se the weekly returns recorded by the EUROSTOXX 50 index (EUR.STOX), which serves as the primary proxy for the equity market
n Europe (Daly and Vo, 2008).

In relation to the commodities variables, we have identified two variables. The Natural gas return (NAT.GAS), estimated through
he intraday-ahead contract with the shortest maturity date traded on the Amsterdam Stock Exchange (Dutch Title Transfer Facility
TTF). The TTF is recognized as the leading exchange in Europe for energies products (Chuliá et al., 2019), and it is known for its
rice affordability, as confirmed by Akcora and Kocaaslan (2023). This choice was driven by the lack of a comprehensive historical
eries for natural gas spot prices, thus, the spot price was approximated using the nearest future price, following the approach
f Lautier and Raynaud (2011). Lastly, the Electricity spot price return (EL.ITY) has been considered. Similarly, for the variable
f electricity spot price returns, a proxy was used due to the absence of a representative price for all European countries. To the
est of our knowledge, the most suitable proxy for the electricity price in the Eurozone is the electricity price component5 of the

harmonized indices of consumer Prices (HICP index), provided by the statistical warehouse of the ECB.
Two of the aforementioned time series were originally collected in monthly frequency, thus, to align the analysis with a weekly

frequency these series were interpolated to a weekly frequency using tension-spline interpolation, a well-recognized technique in
the literature known for its performance and affordability (Angelini et al., 2003). We acknowledge that interpolation has limitations,
particularly regarding overfitting issues. However, the aim of this paper is not focused on forecasting; rather, it aims to fill the gaps
in data with a smooth and realistic approximation.

In Table 10 of the Appendix, detailed information regarding the dataset construction, notation, measurements, the frequency of
data collection of variables and covariates, as well as subsequent transformations applied, is provided. Specifically, for this last point,
covariates were differenced to ensure stationarity, with the exception of volatility and liquidity spread, which were maintained at
their original levels following Tobias and Brunnermeier (2016).

Additionally, in the Appendix (Table 9, Table 11, Fig. 4, and Fig. 5), a summary of variable tables is presented, alongside
numerical and graphical results of the interpolation process. These results encompass mean squared error, degree of smoothing in
the spline, and the smoothing factor utilized to determine the number of knots in the interpolation procedure (Schoenberg, 1964).

5. Results

The summary statistics for the covariates at a weekly frequency are presented in the following table (Table 1). It emerges
forthwith, looking at the relative standard deviation (column Rel. SD) that the variables with the highest degree of time variability
are the slope of the yield curve and the change in the EUROSTOXX index. Following closely behind are the weekly changes in
natural gas prices.

The heightened variability in the slope covariate can be attributed to the reduced persistence of the ECB 𝛽1 factor during the
inancial crisis, that unfolded over the decade under consideration (Papailias, 2022). Similar conclusions can be drawn about the
ariability in equity markets. The turbulence triggered initially by the sovereign debt crisis and subsequently by the COVID-19
utbreak and the reverberations from the Russian-Ukraine conflict has kept the markets in a state of turmoil (Yating et al., 2022;
ebabli et al., 2022; Asadi et al., 2022).

Turning to the energy regressors, the summary results point out that the commodities variables have exhibited a particular
umultuousness in the past decade, with a dizzying excursion between the mean values and the first percentile of empirical
istributions, especially in the case of natural gas. These patterns are primarily driven by the price hikes that became pronounced
t the beginning of 2021 (Mbah and Wasum, 2022).

Upon further examination of the correlations among variables, it is evident from Table 2 that the relationships between state and
nergy variables are coherent. Notably, the correlations between Eurostoxx50 with electricity and NG imply a positive co-movement,
ven though higher energy prices tend to increase volatility in the equity market.

5 The electricity price component in HICP index excludes all the sources used to produce electricity. Details on this series could be found on Eurostat HICP

omponents, under the coicop CP0451 code (Classification of individual consumption by purpose).

6 



P. Murè et al. Research in International Business and Finance 72 (2024) 102510 
Table 2
Pearson correlation matrix.

EUR.YLD EUR.STOXX. SLOPE VSTOXX EL.ITY NAT.GAS.

EUR.YLD 1
EUR.STOXX. −0.50979 1
SLOPE −0.50101 0.756913 1
VSTOXX −0.312351 −0.44956 −0.07214 1
EL.ITY −0.14022 0.156124 −0.20991 −0.18514 1
NAT.GAS. −0.05583 0.261815 −0.04072 −0.02611 0.693185 1

Note: The correlations have been evaluated on the weekly price, instead of doing them on the respective weekly changes.

Fig. 1. Prices of energy and natural gas.

These findings are partially aligned with the existing literature on this theme, which acknowledges that turmoil in commodity
markets certainly impacts the volatility of the financial market (Asadi et al., 2022). However, these findings represent a novel
perspective from the standpoint of market performances. This stands in contrast to the extensive literature that examines the
connections between commodity markets and stock markets (Abbas Rizvi and Itani, 2022; Abuzayed and Al-Fayoumi, 2021)
which typically indicates a negative impact of rising commodities prices on stock markets. Another noteworthy observation is the
correlation between electricity and natural gas, which empirically demonstrates the close relationship between the two prices due
to the merit order system mentioned earlier. Graphically, Fig. 1 illustrates the substantial price growth (particularly for natural gas)
over the past year (the values are normalized for ease of comparison between the series):

The commodities shocks observed in 2021 are undoubtedly influenced by the aftermath of the COVID-19 outbreak. Initially,
this led to a significant reduction in energy demand and consumption due to disruptions in transportation, flights, and business
operations, especially in countries where stringent measures like lockdowns were implemented (Norouzi et al., 2021). Subsequently,
this reduction in demand created a surplus supply situation, partly due to production delays and reduced investments in the energy
sectors (Mofijur et al., 2021), leading definitely to the spike in price levels. Furthermore, by the end of 2021, this demand–supply
dynamics, coupled with low energy inventory levels (Kuik et al., 2022) were exacerbated by the emergence of tensions between
Russia and Ukraine, which further pushed up commodity prices. This interplay of factors can be observed in Fig. 1, where the
significant energy price fluctuations prior to 2020 were mostly unrelated to the dynamics of natural gas prices. However, post-2020,
the price increases (accompanied by expectations of prolonged scarcity and heightened uncertainty due to political tensions) drove
up prices in both markets, suggesting a joint dynamic.

5.1. 𝑉 𝑎𝑅, 𝐶𝑜𝑉 𝑎𝑅 ad 𝛥𝐶𝑜𝑉 𝑎𝑅 estimation results

The results of this section validate the fundamental assumption that drove the motivation behind this research. The prices of
energy and natural gas commodities stand out as significant factors when evaluating tail events within both individual institutions
and the wider financial system. The estimation outcomes are presented in the subsequent Table 3, which illustrates the statistical
findings arising from different combinations of lagged variables. These results have been subjected to winsorization at the 1st and
99th percentile levels, effectively mitigating potential distortions caused by outliers (Anginer et al., 2014).

The p-values for the financial state variables, shifted by one week, appear to be significant across the board, except for the slope
variable, which does not appear particularly significant in all the models. This can be attributed to the nature of this predictor. As
indicated by Rudebusch and Williams (2009) and Liu and Moench (2016), the slope of the yield curve is a stronger predictor of
recessions in the medium to long time horizon, while in the short run its relevance is limited. This observation is consistent with our
analysis, where the significance level of the slope variable slightly increases when the financial regressors are shifted by two periods.
Unsurprisingly, volatility emerges as a determinant factor in explaining losses in the market, showing statistical significance in all
presented models (Huang and Uryasev, 2018). Turning to the statistical results for the energy variables, they exhibit a noteworthy
7 
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Table 3
Average coefficients significance in Conditional quantile regressions for different time-lagged covariates.

(1) (2) (3) (4) (5)

𝑉 𝑗
1%,𝑡 𝐶𝑉

𝑠𝑦𝑠|𝑗
1%,𝑡 𝑉 𝑗

1%,𝑡 𝐶𝑉
𝑠𝑦𝑠|𝑗
1%,𝑡 𝑉 𝑗

1%,𝑡 𝐶𝑉
𝑠𝑦𝑠|𝑗
1%,𝑡 𝑉 𝑗

1%,𝑡 𝐶𝑉
𝑠𝑦𝑠|𝑗
1%,𝑡 𝑉 𝑗

1%,𝑡 𝐶𝑉
𝑠𝑦𝑠|𝑗
1%,𝑡

𝑖𝑛𝑡𝑒𝑟𝑐𝑒𝑝𝑡 0.017 0.266 0.002 0.453 0.009 0.263 0.019 0.231 0.054 0.430
EU.STOX.𝑡−1 0.171 0.262 0.237 0.147 0.269 0.316 / / / /
SLOPE𝑡−1 0.133 0.334 0.073 0.327 0.140 0.372 / / / /
VSTOX.𝑡−1 0.015 0.009 0.006 0.001 0.030 0.005 / / / /
EU.YLD𝑡−1 0.037 0.002 0.002 0.005 0.013 0.046 / / / /
Eu.STOX.𝑡−2 / / / / / / 0.154 0.441 0.226 0.135
SLOPE𝑡−2 / / / / / / 0.118 0.244 0.094 0.247
VSTOX𝑡−2 / / / / / / 0.026 0.002 0.024 0.001
EU.YLD𝑡−2 / / / / / / 0.026 0.017 0.014 0.040
EL.ITY𝑡−1 0.209 0.000 / / / / / / / /
NAT.GAS𝑡−1 0.070 0.023 / / / / / / / /
EL.ITY𝑡−2 / / 0.197 0.000 / / / / / /
NAT.GAS𝑡−2 / / 0.046 0.005 / / / / / /
EL.ITY𝑡−3 / / / / 0.169 0.009 0.161 0.001 / /
NAT.GAS𝑡−3 / / / / 0.043 0.058 0.075 0.006 / /
EL.ITY𝑡−4 / / / / / / / / 0.208 0.001
NAT.GAS𝑡−4 / / / / / / / / 0.040 0.022
EL.ITY𝑡−5 / / / / / / / / / /
NAT.GAS𝑡−5 / / / / / / / / / /
𝛼𝑡−1 / 0.310 / 0.272 / 0.306 / 0.359 / 0.331

Pseudo−𝑅2 0.099 0.322 0.113 0.326 0.095 0.323 0.069 0.314 0.077 0.301

Note: 𝑉 𝑗
1%,𝑡 and 𝐶𝑉

𝑠𝑦𝑠|𝑗
1%,𝑡 stand respectively for the estimated 𝑉 𝑎𝑅 of the 𝑗th institution at the 1% and the 𝐶𝑜𝑉 𝑎𝑅 of the system respect to the 𝑗th institution at

the 1% level. The alfa covariate represent the coefficient of the VaR in Eq. (3). The numbers in the first row indicate the models’ enumeration.

Table 4
Average estimated coefficients.

(int.) EU.STOX. SLOPE VSTOXX EUR.YL. El.ITY GAS Alpha Pseudo𝑅2

𝑉 𝑎𝑅
𝑗
1%,𝑡 −0.005 0.102 0.005 −0.023 −0.009 −0.356 −0.0049 / 11.3%

𝑉 𝑎𝑅
𝑗
1%,𝑡 we −0.004 0.173 0.003 −0.003 −0.0005 / / / 9.4%

𝑉 𝑎𝑅
𝑗
50%,𝑡 0.001 0.332 0.001 −0.030 0.0001 0.058 0.002 / 27.2%

𝑉 𝑎𝑅
𝑗
50%,𝑡 we 0.0012 0.032 0.003 −0.0037 0.0002 / / / 24.6%

𝐶𝑜𝑉 𝑎𝑅
𝑠𝑦𝑠|𝑗
1%,𝑡 −0.002 0.140 0.016 −0.010 −0.015 −1.046 −0.094 1.205 32.6%

𝐶𝑜𝑉 𝑎𝑅
𝑠𝑦𝑠|𝑗
1%,𝑡 we −0.009 0.158 −0.006 −0.040 −0.008 / / 1.317 18.6%

Note: 𝑉 𝑎𝑅
𝑗
1%,𝑡, 𝑉 𝑎𝑅

𝑗
1%,𝑡 we, 𝑉 𝑎𝑅

𝑗
50%,𝑡 and 𝑉 𝑎𝑅

𝑗
50%,𝑡 we stand respectively for the estimated 𝑉 𝑎𝑅 of the 𝑗th institution at the 1% level, VaR at the 1% level without

energy covariates, 𝑉 𝑎𝑅 at the 50% level and 𝑉 𝑎𝑅 at the 50% level without energy regressors. The last two rows report the 𝐶𝑜𝑉 𝑎𝑅 of the system respect to
the 𝑗th institution at the 1% level, with and without the energy regressors. The alfa covariate represent the coefficient of the 𝑉 𝑎𝑅 in Eq. (2).

level of significance, particularly evident in the results of the first and second models. Notably, the energy covariates appear to
be particularly significant in determining both the institutional indicator of stress 𝑉 𝑗

1%,𝑡 and the systemic measure 𝐶𝑉
𝑠𝑦𝑠|𝑗
1%,𝑡 with the

CoVar measure displaying an average 𝑝-value of approximately 0. This underscores the importance of these regressors in explaining
adverse outcomes in the financial market. Even when extending the lag to three and five time periods, as seen in models (3) and (5),
the explanatory power of the energy regressors remains substantial. This suggests that energy conditions have a structural impact
on financial markets, where movements in natural gas and electricity exert a persistent influence. To determine the appropriate lag
order for the energy and state variables, a decision metric based on the lowest Pseudo−𝑅2 of Koenker and Machado (1999) was
adopted, following a similar approach to Pönkä and Zheng (2019). Accordingly, based on this model selection method, model (2),
which employs state and energy variables shifted back by one-time lag and two-time lags respectively, best captures the underlying
reality.

The subsequent Table 4 displays the average regression coefficient magnitudes for model (2). Alongside these results, variations
of model (2) excluding the energy variables are also presented. Also for these analyses, coefficients falling within the 1st and 99th
quantiles in the distribution were excluded.

The initial findings, presented in Table 4, align with expectations. Volatility, interbank spread, and energy variables negatively
impact the 1% 𝑉 𝑎𝑅 and 𝐶𝑜𝑉 𝑎𝑅, consistent with the original paper by Tobias and Brunnermeier (2016). Conversely, the slope
f yield curves has a positive effect on VaR due to the profitability enhancement resulting from rising interest rates for involved
nstitutions (Adrian et al., 2010b; Aydemir and Ovenc, 2016). In terms of electricity and natural gas covariates, the coefficients’
elative magnitudes indicate that changes in energy-related variables have a more pronounced impact than financial covariates,
articularly with respect to electricity prices. Indeed, the average magnitude of the electricity regressor for the systemic measure

𝐶𝑜𝑉 𝑎𝑅) surpasses other coefficients significantly, underscoring the financial institutional market’s vulnerability to electricity price
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Table 5
Average p-values.

(int) EU.STOX. SLOPE VSTOXX EUR.YL. EL.ITY. GAS.

𝑉 𝑎𝑅
𝑗
1%,𝑡 (%) top 10 0.0003 0.253 0.116 0.001 0.002 0.251 0.012

𝑉 𝑎𝑅
𝑗
1%,𝑡 (%) last 10 0.059 0.192 0.102 0.002 0.007 0.178 0.006

Note: 𝑉 𝑎𝑅
𝑗
1%,𝑡 (%) top 10, 𝑉 𝑎𝑅

𝑗
1%,𝑡 (%) last 10 stand respectively for the estimated 𝑉 𝑎𝑅 of the 𝑗th institution at the 1% level of

the top 10 institutions for total assets and the 𝑉 𝑎𝑅 at the 1% for the 10 last banks for total assets in the sample.

Table 6
Cross-sectional average coefficients.

(int) EU.STOX. SLOPE VSTOXX EU.YL. EL.ITY GAS.

𝑉 𝑎𝑅
𝑗
1%,𝑡 (%) top 10 −0.0071156 0.011 0.006 −0.027 −0.092 −0.234 −0.003

𝑉 𝑎𝑅
𝑗
1%,𝑡 (%) last 10 0.010677 0.009 0.032 −0. 019 −0.010 −0.373 −0.008

Note: 𝑉 𝑎𝑅
𝑗
1%,𝑡 (%) top 10, 𝑉 𝑎𝑅

𝑗
1%,𝑡 (%) last 10 stand respectively for the estimated VaR of the 𝑗th institution at the 1% level of

the top 10 institutions for total assets and the VaR at the same quantile level for the 10 last banks for total assets in the sample.

Table 7
Cross-sectional average coefficients.

Mean SD

𝑋𝑗,𝑡(%) 0.05 0.89

𝑉 𝑎𝑅
𝑗
1%,𝑡 (%) −0.99 0.60

𝑉 𝑎𝑅
𝑗
1%,𝑡 (%) 2021 −1.35 0.47

̂𝛥𝐶𝑜𝑉 𝑎𝑅
𝑗
1%,𝑡 (%) −1.76 0.13

̂𝛥𝐶𝑜𝑉 𝑎𝑅
𝑗
1%,𝑡 (%) 2021 −2.42 0.88

Note: 𝑉 𝑎𝑅
𝑗
1%,𝑡 (%) 2021, ̂𝛥𝐶𝑜𝑉 𝑎𝑅

𝑗
1%,𝑡 (%) 2021 stand respectively for the estimated VaR of the

𝑗th institution in 2021 and the CoVaR at the same quantile level for the 2021.

shocks. It is important to note that the baseline model without energy-related variables closely resembles the energy-augmented
model in terms of the common components. However, the models (with and without energy variables) display notable differences
in terms of fit to the data. The energy-augmented model, especially for 𝐶𝑜𝑉 𝑎𝑅 estimation, appears better suited to accurately
describe data variability (as indicated by 𝑃𝑠𝑒𝑢𝑑𝑜 − 𝑅2). This suggests that the reduced model, similar to the original one in terms
of covariate selection, falls short in explaining financial market losses accurately when they stem from non-financial markets, such
as turmoil in commodities markets.

Turning to the significance of the regressors, Table 5 reports the average significance levels across banks from two perspectives.
The first row presents the average significance levels of regressors (quantile regression p-values) for the top 10 banks in terms of
total assets within the sample. The second row considers the bottom 10 banks per dimension.

It is evident that smaller institutions are more vulnerable compared to larger ones, as the causal relationship between losses and
energy market behavior is more robust. This market dynamic is further substantiated by the average coefficients obtained from the
quantile regression analysis on the same two groups, as discussed in the previous table. Specifically, Table 6 displays the average
coefficients for the top 10% and bottom 10% of institutions based on size.

It is worth noting that the bottom 10% of banks in the sample appear to be more responsive to changes in energy prices, as
well as to interbank spread, which represents a cost of financing. On the other hand, larger institutions exhibit lower sensitivity
to energy-related price changes; this is not surprising, given the higher level of diversification achievable with larger portfolios.
However, despite their reduced sensitivity to energy prices, larger institutions are more affected by the VSTOXX, as observed in
well-established findings in the literature (see e.g. Laeven et al. (2016) and Varotto and Zhao (2018) for discussions on size as a
factor influencing a bank’s 𝑉 𝑎𝑅).

Digging deeper into the analysis, we have also examined how the financial system responds to the combined circumstances of
the past three years events such as the Russia-Ukraine war, the ongoing effects of COVID-19, and the turmoil in energy markets. The
predicted outputs of the quantile regressions discussed thus far are presented in the Table 7. The values are computed by calculating
the mean and standard deviation over the sample period for each institution and then averaging these values across all institutions.
Similarly, the 1% and 99% extremes of the value distribution have been excluded in this case as well.

The obtained results reveal that the average systemic risk contribution has consistently risen in 2021 compared to the average
level across the entire sample period (as indicated in the last two rows of Table 7). The variability of the results does not appear
to follow a single direction, indeed for the systemic measure (𝛥𝐶𝑜𝑉 𝑎𝑅) apart from the previously discussed increase in systemic
contribution, the variability across the sample is almost seven times greater than that observed throughout the entire sample period.
Conversely, the estimations of 𝑉 𝑎𝑅 exhibit greater stability when focusing solely on the 2021 period. This contrasted effect is
attributed to the coefficient (𝛼) and the increase in 𝑉 𝑎𝑅 during 2021, both of which have amplified the oscillations. To further
9 
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Fig. 2. Cross-sectional sum time varying CoVaR plot. (For interpretation of the references to color in this figure legend, the reader is referred to the web
version of this article.)

illustrate the results for (𝐶𝑜𝑉 𝑎𝑅), Fig. 2 presents the plot of 𝐶𝑜𝑉 𝑎𝑅 with energy regressors (red line) and without energy regressors
(blue line). This evaluation is based on the summation of 𝐶𝑜𝑉 𝑎𝑅 for all 𝑗th institutions, across the sample period.

The plot reveals notable trends in 𝐶𝑜𝑉 𝑎𝑅 obtained from the energy-augmented model, exhibiting prominent peaks starting from
the latter part of 2019. Those between 2019 and 2021 are undeniably influenced by the financial state variable, evident from the
considerable overlap of the two 𝐶𝑜𝑉 𝑎𝑟 series. Conversely, it is evident that the shocks experienced in 2021 are predominantly
attributed to the disruptions in energy markets. This observation underscores how the financial system has been impacted by the
swift escalation of energy commodities prices during this period. Overall, the inclusion of energy regressors introduces greater
variability to 𝐶𝑜𝑉 𝑎𝑅 compared to the estimation conducted without energy covariates.

6. Robustness check

To illustrate our findings, we present a comparison in Fig. 3 between the performance of 𝛥𝐶𝑜𝑉 𝑎𝑅 (with and without energy-
related variables) and the ECB-originated composite indicator of systemic stress (CISS) for monetary and financial institutions,
specifically focusing on the subindex that pertains to financial intermediaries’ systemic stress. The CISS, developed by Holló et al.
(2012), under the auspices of the ECB, has garnered recognition as a preeminent composite indicator of systemic stress in literature,
due to its enhanced predictive capability during periods of financial instability (see Bekaert and Hoerova (2014)). This metric
amalgamates data from a specific set of micro stress indicators across various market segments, encompassing equity market, bond
market, money market, foreign exchange, derivatives, bank sector, insurance sector, other financial institutions, payment systems
area, settlement system infrastructures, and clearing systems.

This comparison is intended to highlight the influence of electricity and natural gas prices (and consequently, inflation) on the
financial market, as the CISS series does not explicitly account for these effects. To ensure comparability between the two series,
both have been normalized. Additionally, the historical CISS series has been multiplied by minus one, considering that, unlike the
𝐶𝑜𝑉 𝑎𝑟 measure, higher values of the CISS indicator represent peaks of systemic stress.

Specifically, the 𝛥𝐶𝑜𝑉 𝑎𝑅 without energy variables adequately captures the dynamics of the CISS, except for the period between
2016 and 2018. On the other hand, the 𝛥𝐶𝑜𝑉 𝑎𝑅 with energy variables closely mirrors the CISS dynamics up until 2017. However,
starting from 2017, the 𝛥𝐶𝑜𝑉 𝑎𝑅 with energy variables exhibits significant volatility that leads to pronounced peaks in 2021,
primarily driven by the surge in inflation resulting from energy-related factors. This period of extreme volatility appears to
foreshadow the subsequent increase in stress observed in the CISS series from the latter part of 2021 onwards. Fig. 3 offers some
evidence of a slight yet discernible improvement in the performance of 𝛥𝐶𝑜𝑉 𝑎𝑅-energy compared to the specification without energy
prices. Particularly noteworthy is the behavior during 2020, when energy prices experienced an unprecedented surge over the last
two decades. In this case, the 𝛥𝐶𝑜𝑉 𝑎𝑅-energy specification aligns more closely with the CISS than the non-energy specification.
These deductions prompt a reconsideration of systemic stress indicators and measures that predominantly rely on financial databases.
Neglecting fundamental factors such as inflation levels, as discussed by Jones et al. (2004) and Huybens and Smith (1999), might
undermine the comprehensiveness of such indicators in capturing all aspects of potential stress within the financial system.

7. Concluding remarks

In this paper, we estimate the impact of energy-related variables on the financial systemic risk profile of major institutions in
Europe. To achieve this, we have employed the 𝐶𝑜𝑉 𝑎𝑅 methodology developed by Tobias and Brunnermeier (2016). This approach
enables us to account for institution-level variables, as well as other financial and macroeconomic factors that might influence banks’
stability and profitability. We leverage the strength of this methodology to explore the potential repercussions of surging energy
prices on the financial institutions’ market.
10 
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Fig. 3. Cross-sectional sum time varying CoVaR plot.

Our analysis is specifically focused on assessing the influence of electricity and natural gas prices on the stability of major private
financial institutions headquartered in the Euro Area, as well as on the overall stability of the financial system. We investigate the
period from 2011 to 2021. Our findings reveal that energy-related variables impact the 𝑉 𝑎𝑅 and 𝐶𝑜𝑉 𝑎𝑅 to a degree comparable to
the effects of other commonly studied variables, such as interbank spreads and market volatility. Additionally, our results highlight
that smaller institutions are more vulnerable than larger, well-structured ones to shocks from energy markets (Table 6).

Digging deeper into the analysis and focusing on the results from 2021, it becomes evident that financial market losses became
more substantial on average compared to the entire sample period (2011 to 2021). Furthermore, the increase in extreme losses
during this period led to a rise in the average systemic risk contribution of individual institutions (Table 6). Moreover, our research
demonstrates that the 𝛥𝐶𝑜𝑉 𝑎𝑅 serves as a valuable measure of systemic stress conditions when compared to the CISS index created
by the ECB. Notably, the 𝛥𝐶𝑜𝑉 𝑎𝑅 developed in this study, using data up to 2021, anticipates the stress observed in the CISS index
in 2022.

The policy implications of our analysis are straightforward. As indicated by our findings, financial stability is affected by energy
market conditions. Therefore, regulatory and policy bodies should prioritize ensuring that financial institutions are as resilient as
possible to energy price shocks. In primis a more targeted monetary policy should be set, since an excessive restricted approach
could lead to an unnecessary economic downturn, as also highlighted by Nasim and Downing (2023). Supervisory institutions should
implement effective strategies to monitor financial institutions’ exposure to energy-related risks, since, as highlighted by Shaiban
et al. (2021), European banks are largely exposed to energy sector and relative shocks. Furthermore, it is crucial to reevaluate the
electricity price formation mechanism. This requires a reassessment of the role of natural gas prices, as discussed by Roeger and
Welfens (2022). Additionally, there is a need to advocate for the diversification of electricity sources and the promotion of renewable
energy production, as highlighted by Jain and Shrimali (2022).

Looking ahead, further advancements in the model could involve utilizing higher-frequency data and including a greater number
of institutions, such as smaller banks. Additionally, future research will consider the financial markets of individual countries,
allowing us to disentangle the energy shock-response dynamics at the country level.6 Given the heterogeneity of the European
banking system, a more detailed micro-analysis with energy-augmented systemic measures could be implemented to account for the
specific characteristics of individual banks, such as their business models.

These aspects are left for future research. In conclusion, while there are many aspects that warrant further investigation, our
study underscores that the causes of losses in the financial institutional sector are multifaceted. Relying solely on financial factors
for systemic level explanation falls short. This realization should encourage the incorporation of additional auxiliary covariates,
ranging from macroeconomic variables (such as unemployment rates or GDP growth) to commodities factors (such as changes in
oil prices or agriculture commodity prices).
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See Tables 8–11, Figs. 4 and 5.

able 8
inancial institutions sample.
Name Abbrev. Country Specialization

Bnp Paribas BNP France Commercial bank
Societe Generale SOC.GEN. France Commercial bank
Deutsche bank ag DEUT.BNK. Germany Commercial bank
Credit Agricole sa CRE.AGR. France Cooperative bank
Intesa Sanpaolo INT.SANP. Italy Commercial bank
Banco Santander sa SANT. Spain Commercial bank
Caixabank s.a. CAIXA Spain Commercial bank
Unicredit spa UNI. Italy Commercial bank
Banco bilbao vizcaya argentaria sa BBVA Spain Commercial bank
Commerzbank ag COMMERZ. Germany Commercial bank
Banco de sabadell sa BNK.SABA Spain Commercial bank
Banca di montepashi di siena MONTE.P. Italy Commercial bank
Bper banca spa BPER Italy Commercial bank
Bankinter sa BANKINT. Spain Commercial bank
Erste group bank ag ERSTE Austria Commercial bank
Raiffeisen bank international ag RAIFF. Austria Cooperative bank
Mediobanca MEDIOBAN. Italy Commercial bank
National bank of greece ag BNK.GREECE. Greece Commercial bank
Banco commercial portugues sa BNK.PORT. Portugal Commercial bank
CRCAM paris et d’ile-de-france CRCAM.FRA France Commercial bank
Credito emiliano spa CRE.EMIL. Italy Cooperative bank
Banca popolare di sondrio spa BNK.SONDRIO Italy Cooperative bank
Aareal bank ag AAREAL Germany Real.est. and mortgage inst.
Banca mediolanum spa BNK.MEDIOL. Italy Commercial bank
CRCAM du Languedoc sc CRCAM.LANG France Savings bank
Oberbank ag OBERBNK Austria Commercial bank
CRCAM atlantique vendee sc CRCAM.ATL.VENDE. France Cooperative bank
CRCAM sud rhone alpes sc CRCAM.SUD.ALPES France Cooperative bank
Banco di desio e della brianza spa BNK.DESIO.BRIA Italy Commercial bank
CRCAM de la touraine sc CRCAM.TOU. France Cooperative bank
Van lanschot kempen n.v VAN.LANSCHOT. Netherlands Commercial bank
Banca Generali spa GENERALI Italy Commercial bank
CRCAM toulouse 31 sc CRCAM.TOUL. France Cooperative bank
CRCAM loire haute-loire sc CRCAM.LOIRE France Cooperative bank
Bank fur tirol und vorarlberg ag BNK.FUR.TIR. Austria Commercial bank
Credit agricole du morbihan CR.AG.MORBIHAN France Commercial bank
Aktia bank plc AKTIA Finland Commercial bank
Altarea s.a ALTERA Finland Investment and trust corp.
Alpha bank ALPHA Greece Commercial bank
Alandsbanken abp ALAND. Finland Commercial bank
Attica bank spa ATTICA Greece Commercial bank
Viel e cia sa VIEL France Finance company
Banca profilo spa PROFILO Italy Private bank
Grenke ag GRENKE Germany Finance company
Conafi spa CONAFI Italy Bank holding company

Note: CRCAM stands for ‘Caisse regionale de crdit agricole mutuel’.
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Table 9
GLS regression results.

Total asset Total equity Total asset Total equity Total asset Total equity

BNP 7.415𝑒+05∗∗∗
(5.2𝑒+04 )

2.431𝑒+05∗∗∗
(1.4𝑒+03 )

MEDIOBNK. 1.546𝑒05∗∗
(3.1𝑒+04 )

9981.9887∗∗∗
(1032.091)

BNK.GENERALI. 0.0027∗∗∗
(0.00002)

409.155∗∗
(38.719)

𝑅2 = 0.949 𝑅2 = 0.983 𝑅2 = 0.713 𝑅2 = 0.903 𝑅2 = 0.839 𝑅2 = 0.918

SOC.GEN. 9.872𝑒+05∗∗∗
(9.17𝑒+04 )

3.677𝑒+05∗∗∗
(2219.762)

BNK.GREECE. 32.0366
(32.190)

−6.3305
(14.373)

CRCAM.TOUL. 2829.745∗∗∗
(368.741)

40.0015∗∗
(0.001)

𝑅2 = 0.913 𝑅2 = 0.965 𝑅2 = 0.090 𝑅2 = 0.012 𝑅2 = 0.840 𝑅2 = 0.828

DEUT.BNK. 1.368𝑒𝑒+05∗∗∗
(1.36𝑒+04 )

2.929𝑒+05∗∗∗
(2754.545)

BNK..PORT. 32.0366
(32.190)

−6.3305
(14.373)

CRCAM.LOIRE. 0.0097∗∗∗
(0.0001)

689.23∗∗
(48.088)

𝑅2 = 0.901 𝑅2 = 0.919 𝑅2 = 0.090 𝑅2 = 0.012 𝑅2 = 0.891 𝑅2 = 0.949

CRE.AGR. 1.339𝑒+05∗∗∗
(1.77𝑒+05 )

3.416𝑒+05∗∗∗
(1.02𝑒+04 )

CRCAM.ILE.FRA. 1.518𝑒03∗∗
(2.1102 )

3.115𝑒03∗∗
(8.3802 )

BNK.FUR.TURIL. 0.0028∗∗∗
(0.001)

0.0003∗∗
(3.62𝑒∗∗∗ )

𝑅2 = 0.837 𝑅2 = 0.531 𝑅2 = 0.498 𝑅2 = 0.611 𝑅2 = 0.719 𝑅2 = 0.848

INT.SANP. 6.612𝑒+06∗∗∗
(7.76𝑒+04 )

1.152𝑒+05∗∗∗
(5106.740)

CRE.EMIL. 1.209𝑒05∗∗
(3.1604 )

1.215𝑒05∗∗
(2.1804 )

CR.AGR.MORBIHAN. 2.04𝑒04∗∗∗
(2430.7)

366.43∗∗
(32.071)

𝑅2 = 0.866 𝑅2 = 0.979 𝑅2 = 0.554 𝑅2 = 0.552 𝑅2 = 0.863 𝑅2 = 0.929

SANT. 2.33𝑒+06∗∗∗
(4.68𝑒+05 )

5.595𝑒+05∗∗∗
(7.2𝑒+04 )

BNK.SONDRIO. 0.1593∗∗
(0.038)

3654.7883∗
(3735.105)

AKTIA 1272.115𝑒∗∗∗
(48.494)

0.0003∗∗
(4.38𝑒05∗∗ )

𝑅2 = 0.683 𝑅2 = 0.858 𝑅2 = 0.602 𝑅2 = 0.402 𝑅2 = 0.984 𝑅2 = 0.929

CAIXA. 2.245𝑒+06∗∗∗
(4.36𝑒+05 )

2.754𝑒+05∗∗∗
(4.4𝑒+04 )

AAREAL 9.53𝑒04∗∗
(8558.342)

8022.0040∗∗
(78.774)

ALTAREA 6820.4331
(7119.14)

784.77∗∗
(136.66)

𝑅2 = 0.699 𝑅2 = 0.797 𝑅2 = 0.723 𝑅2 = 0.96 𝑅2 = 0.084 𝑅2 = 0.744

UNICREDIT 3.178𝑒+05∗∗∗
(7.94𝑒+04 )

1.605𝑒+05∗∗∗
(1.7𝑒+04 )

BNK.MEDIOL. 7994.2910∗∗∗
(825.681)

0.0102∗∗
(0.0002)

ALPHA 5295.663∗∗
(703.55)

463.40∗∗∗
(9.974)

𝑅2 = 0.577 𝑅2 = 0.898 𝑅2 = 0.694 𝑅2 = 0.854 𝑅2 = 0.835 𝑅2 = 0.995

BBVA 1.6080∗∗
(0.151)

3.974𝑒+04∗∗∗
(1.0𝑒+04 )

CRCAM.LANG. 3609.7987∗∗∗
(432.856)

1660.6621∗∗
(337.572)

ALAND. 1953.2434
(1230.674)

−325.3020
(965.150)

𝑅2 = 0.910 𝑅2 = 0.608 𝑅2 = 0.863 𝑅2 = 0.708 𝑅2 = 0.052 𝑅2 = 0.110

COMMERZ. 6.597𝑒∗∗
(1.01𝑒+05 )

0.1380𝑒+04∗∗∗
(0.008)

OBERBNK. 2193.264∗∗∗
(250.510)

970.0858∗∗
(61.231)

ATTICA 1.134𝑒04∗∗∗
(1502.85)

110.78∗∗
(30.690)

𝑅2 = 0.759 𝑅2 = 0.965 𝑅2 = 0.873 𝑅2 = 0.958 𝑅2 = 0.836 𝑅2 = 0.566

BNK.SABA. 0.3049𝑒∗
(0.481)

2.229𝑒+04∗∗∗
(6391.91)

CRCAM.ATL.VENDE. 5429.73∗∗∗
(637.164)

7659.78∗∗
(500.557)

VIEL 1.623𝑒05∗∗∗
(1.43𝑒04 )

−8.9293
(10.977)

𝑅2 = 0.40 𝑅2 = 0.549 𝑅2 = 0.867 𝑅2 = 0.959 𝑅2 = 0.921 𝑅2 = 0.06

BPER. 2.771𝑒04∗∗
(2.148)

0.297∗
(0.174)

CRCAM.SUD.ALPES 1.077𝑒05∗∗∗
(1.18𝑒04 )

382.696∗∗
(32.992)

BNK.PROFILO. 1957.88∗
(832.859)

1.257𝑒04∗∗
(1635.93)

𝑅2 = 0.689 𝑅2 = 0.272 𝑅2 = 0.883 𝑅2 = 0.924 𝑅2 = 0.356 𝑅2 = 0.841

BANKINT. 0.1956∗∗
(0.070)

1037.1046
(3158.101)

BNK.DESIO.BRIA. 2670.615𝑒∗∗∗
(380.764)

502.416∗∗
(49.067)

GRENKE 175.4814∗∗
(63.95)

54.5132∗
(33300)

𝑅2 = 0.385 𝑅2 = 0.023 𝑅2 = 0.814 𝑅2 = 0.913 𝑅2 = 0.43 𝑅2 = 0.21

ERSTE. 5.159𝑒∗∗∗
(8128.72)

0.0127∗∗∗
(0.003)

CRCAM.TOUR. 0.0152∗∗∗
(0.003)

211.65∗∗
(16.7328)

CONAFI 2.04𝑒04∗∗
(1.056𝑒02 )

1797.09∗∗∗
(472.243)

𝑅2 = 0.781 𝑅2 = 0.710 𝑅2 = 0.644 𝑅2 = 0.941 𝑅2 = 0.737 𝑅2 = 0.551

RAIFFEIS. 8.883𝑒∗∗
(5939.753)

6796.0754∗∗∗
(1237.470)

VAN.LANSHOT. 9889.91∗∗∗
(933.616)

8907.11∗∗
(543.418)

𝑅2 = 0.953 𝑅2 = 0.751 𝑅2 = 0.910 𝑅2 = 0.961

Note: The table shows the GLS regression results of the annualized series of stock prices on the real time series of total asset (first columns) and total equity
(second columns).

Table 10
Data description and transformation of variables.

Variables Abbreviation Frequency Original unit Source Manipulation Transformation

Banks’ stock prices / Weekly Euro Refinitiv / /
Banks accounting data / Yearly Euro BankFocus Time disagg. /
Electricity spot price (HICP)-ECB El.ITY Monthly Euro/kwh Eurostat Spline Int. First diff.
NG Future return at 3 months NAT.GAS Weekly Euro/MWh Refinitiv / First diff.
Slope Euro yld. curve SLOPE Weekly Pure num. Refinitiv / First diff.
VSTOXX VSTOXX Weekly Pure num. Refinitiv / /
Euribor at 3 months EUR Monthly Percentage ECB Spline int. First diff.
Spot rate- 3 months YLD Weekly Percentage ECB / First diff.
Liquidity spread EUR.YLD Weekly/der Percentage Refinitiv / /
Euro. stock market returns EUR.STOX Weekly Euro Refinitiv / First diff.

Note: The change in the short-term liquidity spread has been calculated by subtracting the spot interest rate from the Euribor rate. ‘Weekly(der)’ indicates that
this is a weekly derivation, as it represents the difference between a weekly series (YLD) and an interpolated weekly series (EUR). ‘First diff’ refers to the first
difference transformation. ‘Spline Int.’ stands for spline interpolation, indicating that an interpolated series was used, while ‘Time disagg’ signifies that the series
has been time-disaggregated as described in the data section. Lastly, ‘Pure num.’ means that the series is dimensionless, or composed of pure numbers.
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Table 11
MSE error of tension spline interpolation.

MSE k s

ELI.ITY 0.0198 2 0.05
EUR.YLD 0.0347 5 0.02

Note: MSE stands for Mean squared error, meanwhile k represents the degree of the smoothing
spline and s represents the smoothing factor used to choose the number of knots.

Fig. 4. Graph of interpolated series of electricity price.

Fig. 5. Graph of interpolated series of the Euribor at 3 months.
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