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Abstract
This paper investigates the impact of climate risk on the stability of the European financial
system, with a particular focus on both transition and physical risk dimensions. Given the
long-term and uncertain nature of climate-related risks, traditional econometric methods often
fall short in capturing their systemic implications. To address this challenge, we develop
a scenario-based framework grounded in realistic projections consistent to the theoretical
framework of the Network for Greening the Financial System (“NGFS”), encompassing three
climate pathways: orderly transition, disorderly transition, and hot house world. We model
the relationship between climate risk drivers, European companies, and the financial system
using vine copulas, enabling a flexible representation of complex dependencies. The effects
of these scenarios on financial institutions are evaluated through key risk metrics (expected
return, value at risk, and expected shortfall) conditioned on each climate scenario. Our results
offer insights into how climate transition risks propagate through the financial system, with
practical implications for financial stability assessment and systemic risk management. The
primary contribution lies in integrating both transition and physical climate risks into a
coherent and tractable risk assessment framework, offering valuable tools for policymakers,
regulators, and financial practitioners. Results show a significant dependence of European
financial system to brown companies and, thus, sizable losses in the disorderly transition
scenario.
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1 Introduction

Globally, 2024 was the warmest year ever recorded and it is documented that the aver-
age global mean near-surface temperature in 2024 exceeded pre-industrial levels by 1.55◦C
(WMO, 2025). The impact of climate change is so tremendously tangible that it represents
one of the most prominent challenges of our century and it is becoming increasingly urgent
to find an agreed-upon strategy to mitigate its potential negative consequences.

From a financial perspective, the transition to a low-carbon economy and the rising threat
of extreme weather events involve risks that might worsen the performance of firms, with
potential spillovers for financial stability (see for example Barnett, 2023).

Financial supervisors have identified two main categories of climate risks (Alogoskoufis et
al., 2021a): (i) risks related to the transition to a lower carbon economy (transition risks) and
(ii) risks related to the physical impacts of climate change (physical risks). Transition risks
stem from policy measures and regulatory actions aimed at reducing carbon emissions and
typically encompass policy and legal risks, technological risks, market risks, and reputational
risks. By contrast, physical risks derive from the potential damages caused by acute or chronic
climate events, such as hurricanes, floods, and droughts.

Companies and investors are exposed to a balance of transition and physical risks. This
trade-off is particularly relevant from a policy perspective. Aggressive actions to limit climate
change to below 2◦C, in accordance with the Paris Agreement, would likely increase transition
risks whilst reducing physical risks globally. Conversely, limited actions to reduce GHG
emissions would limit key transition risks, but would result in accelerating climate change
and associated physical risks (Lord et al., 2019).

Financial institutions have limited ability to alter the trajectory of climate scenarios
themselves, which are determined by broader socio-economic, technological, and policy
developments. Nevertheless, systematic analysis of alternative scenarios can provide valu-
able insights into the range and scale of potential impacts on portfolios and balance sheets.
In this sense, while banks cannot influence the evolution of climate pathways, they can adapt
their operational strategies and risk-management frameworks in response to the projected
consequences of those scenarios.

Many efforts are being carried by central banks, regulators and investors on evaluating the
impact of climate transition and physical risks on financial firms and, more broadly, on the
stability of the financial system (see for example Carney 2015 and Campiglio et al. 2018)

Recently, central banks have started including climate stress tests in their annual super-
visory framework (Alogoskoufis et al., 2021b; Dunz et al., 2021). The concept of stress
test commonly indicates a set of analytical techniques and exercises used to study the rela-
tionships between variables in extreme situations and explore potential impacts of systemic
events. According to the Financial Stability Board, “a systemic event is the disruption to the
flow of financial services that is (i) caused by an impairment of all or parts of the financial
system and (ii) has the potential to have serious negative consequences on the real economy”
(Financial Stability Board, 2009). In that sense, climate-related risks can plausibly be counted
as systemic events.

The pioneering work of Battiston et al. (2017) proposed the first climate stress test to
consider spillover effects within the banking sector. In particular, authors developed an inno-
vative network-based climate stress-test methodology and applied it to large Euro Area banks
in a “green” and a “brown” scenario. Results revealed both a direct and indirect exposure
to climate-policy relevant sectors. Roncoroni et al. (2021) extended this approach to include
also investment funds. Several methodological approaches have been then proposed for cli-
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mate stress testing and, more specifically, for assessing climate transition risk (Le Guenedal,
2022; Desnos et al., 2023).

While there is a growing strand of literature that contributes to forecast the impact of
transition risk on the financial system, the climate physical risk remains comparatively under-
explored and only partially addressed (some recent works include Addoum et al. 2020, Ardia
et al. 2023, Sautner et al. 2023 and Albanese et al. 2024). As reported by Rising et al. (2022),
this is primary due to a couple of reasons. First, there is an evident time lag between the anal-
ysis of physical risks, economic understanding of the implications of those physical risks
and their nonlinear social feedbacks, and embodiment of that knowledge in an economic
model or analysis. Second, incomplete understanding and high uncertainty of the physical
processes may encourage scientists either to be conservative in characterizing them or focus
on their central estimates. Moreover, physical risk often deals with variables that are not
strictly economic or financial ones, which involve the analysis of long-term time series of
extreme weather events.

Building on the recent climate finance literature, the aim of this paper is to assess the
resilience of European financial institutions to climate-related risks by applying climate
stress-testing methodologies across multiple climate scenarios. For a comprehensive discus-
sion of existing approaches and challenges in this area, see Acharya et al. (2023).

Expanding from Ojea-Ferreiro et al. (2024), we develop an empirical set-up that allows
the quantification of the effects of climate risk on financial institutions. Differently from
Ojea-Ferreiro et al. (2024), we account not only for the climate transition risk, but also
for the climate physical risk, which impact can potentially affect the financial system as
much as the transition risk. Conceptually, the analysis is similar to models that measure
systemic risk using conditional distributions to account for tail risk interconnectedness, such
as CoVaR (Tobias and Brunnermeier, 2016), or Marginal Expected Shortfall (Acharya et al.,
2017), with the difference that in our work the conditioning factors are calibrated on specific
climate scenarios rather than states of market distress.

Typically, climate finance literature addresses transition and physical risk separately (see
for example Tzouvanas et al., 2019). We argue that the conventional separation of analyses
between transition and physical climate risks neglects the potential interactions between their
respective drivers and impacts, thereby resulting in an underestimation of potential losses
at the level of firms, financial institutions, and the broader economy. Accordingly, in this
paper we seek to account for the interdependencies between these two categories of risks in
order to obtain a holistic assessment of banks’ climate-related exposure and to evaluate the
compounded effects of multiple risk factors. The effects produced by the interaction between
variables which differ in nature is not obvious.

Concretely, we apply scenario analysis by modeling the conditional distribution of finan-
cial firm returns under three climate scenarios, namely disorderly transition, hot house world
and orderly transition. The scenario set-up is NGFS-aligned, meaning that assumed climate
scenarios are consistent with the theoretical framework presented by the Network for Green-
ing the Financial System (“NGFS”), one of the most authoritative and used in literature.

In this work, we estimate the effect of climate shocks on a representative sample of 43
European banks by employing a set of random variables that proxy transition and physical
climate risk. Our probabilistic approach enables the estimation of climate impact on stock
returns at a weekly frequency, relying on a parsimonious set of variables, despite the depen-
dence of NGFS climate scenario to long-term climate trends. Moreover, it does not require
granular data of banks’ exposures to model the transmission of shocks from the real economy
to the banking sector. The probability of each scenario is defined through the joint probability
distribution of a set of factors which mimic the dynamic of transition and physical risks.
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In the literature, the study of climate physical risk involves variables falling beyond the
typical economist’s knowledge and expertise, such as dynamic of temperature, intensity of
winds and precipitation, droughts and many others. We thus rely on a physical risk index,
the European Events Climate Index (E3CI), developed by a pool of research centers and
private entities1. Transition risk, in line with Ojea-Ferreiro et al. (2024), is proxied by the
relative dynamics of “green” and “brown” company performance (classified according to their
greenhouse gas emissions), as these firms are expected to react differently under alternative
climate scenarios: in the hot house world scenario, brown and green assets experience upward
and downward movements, respectively; in the disorderly transition scenario, we assume the
opposite behavior, i.e. green and brown assets experience upward and downward movements,
respectively; finally, in an orderly transition scenario, green, neutral, and brown asset values
remain stably in and around their median values.

Once the climate risk drivers are identified, we evaluate the impact of each climate scenario
on the return of banks in terms of the average of the conditional distribution, a low quantile
of the conditional distribution and the average in the lower tail of the conditional distribution,
named respectively as climate expected return (C-ER), climate value at risk (C-VAR) and
climate expected shortfall (C-ES). The three metrics are computed for individual financial
firms relying on conditional copula functions that characterize dependencies between finan-
cial firms, physical risk index and “green” and “brown” asset returns. The methodology is
applied on a sample of the most representative banks of the European financial system.

In the last part of the paper, after computing the systemic risk metrics aforementioned,
we assess the impact of climate-related systemic risk on financial institutions, focusing on
capital shortfalls following Acharya et al. (2017) and Brownlees and Engle (2017). With
regard to banks, our analysis points out that the capital shortfall under the hot house world
scenario is negligible. On the other hand, under the disorderly transition and orderly transition
scenarios, we observe non-negligible substantial capital shortfalls. This outcome poses a
material concern for the European financial system, since the policy trajectory now being
followed by governments is explicitly towards a low-carbon economy. Whether the transition
occurs orderly or disorderly, banks will face capital pressure, so the most likely policy-driven
scenarios are also those under which the system is most vulnerable. However, capital shortfalls
involve only a few institutions and stay manageable at the system-wide level in the banking
sector. These topics are nowadays considered of great relevance from both a regulatory and an
investor’s point of view. From a regulatory perspective, identifying the banks that are most
exposed to climate risk under stress scenarios may contribute to strengthen the European
financial system. From an investor’s point of view, understanding whether climate-related
factors are material to creditworthiness is crucial to assess the true cost of banks’ debt and
the embedded risk premium, helping them make more informed investment decisions.

2 Climate scenarios

To provide a standard source of information, the NGFS has selected a set of models and
variables that best suit the transition to a greener economy (NGFS, 2022). Starting from
2020, the NGFS has been projecting and updating different trajectories of climate evolution.

1 For more information about the E3CI Index, please refer to https://climateindex.eu/.
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Fig. 1 Physical and transition risk level of NGFS scenarios . Source: NGFS (2022). Positioning of scenarios
is approximate, based on an assessment of physical and transition risks out to 2100. 1. Orderly scenarios:
Assume climate policies are introduced early and become gradually more stringent. Both physical and transition
risks are relatively subdued. 2. Disorderly scenarios: Explore higher transition risk due to policies being
delayed or divergent across countries and sectors. Carbon prices are typically higher for a given temperature
outcome. These scenarios typically assume the introduction of climate policies starting from 2030, with a
country differentiation based on currently implemented policies. 3. Hot house world scenarios: Assume
that some climate policies are implemented in some jurisdictions, but global efforts are insufficient to halt
significant global warming. Critical temperature thresholds are exceeded, leading to severe physical risks
and irreversible impacts like sea-level rise. 4. Too little, too late scenarios: Reflect delays and international
divergences in climate policy ambition that imply elevated transition risks in some countries and high physical
risks in all countries due to the overall ineffectiveness of the transition.

Each trajectory is represented by a climate scenario2. The seven assumed scenarios3 represent
all outcomes with their underlying hypothesis, which add complexity to asset pricing in the
context of climate scenario uncertainty. Eventually, the NGFS framework depicts climate
scenarios on a cartesian plane, with transition and physical risks represented on the two axes,
and the resulting combinations grouped into four quadrants, as represented in Fig. 1.

Each quadrant denotes a different combination of transition and physical risk. We remark
that the NGFS does not assess the likelihood of each scenario; instead, they “aim at exploring
the bookends of plausible futures (neither the most probable nor desirable) for financial
risk assessment” (Boirard et al., 2022). Recent works (see for example Ojea-Ferreiro et
al., 2024) have tried to model climate-related scenarios through a copula approach, on the
assumption that different climate trajectories correspond to different impacts on values of

2 NGFS defines a climate scenario as a plausible description of how the future may develop based on a coherent
and internally consistent set of assumptions about key driving forces (e.g., rate of technological change, prices)
and relationships. Note that scenarios are neither predictions nor forecasts, but are used to provide a view of
the implications of developments and actions.
3 Namely, Delayed Transition, Net Zero 2050, Below 2◦C, Low Demand, Fragmented World, NDCs and
Current Policies.
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assets depending on their transition risk exposure. For instance, when introducing new green
policies, green companies and brown companies are likely to experience a stock price increase
and decrease respectively, such that each scenario can be characterized in terms of the joint
movement of stocks’ returns of companies.

In order to be NGFS-consistent, we introduce the physical risk dimension along with the
transition one. In doing that, still it is possible to attribute scenario-related probabilities with
a copula approach, by assuming a hierarchical structure of dependency between transition
and physical risks. The main hypothesis is that, in a given scenario, physical risk influences
in the same way all the companies, independently from their responsiveness to transition
risk. In other words, we first consider the impact of a low and high climate physical risk on
green, brown and neutral companies. Then we assume that, given a predetermined level of
physical risk (low or high), green, brown and neutral firms perform differently, according to
their exposure to transition risk.

We will focus on the disorderly transition, the hot house world and the orderly transi-
tion scenarios. The set of underlying assumptions that defines each scenario is denoted as
Cdis, Chhw, Cord, respectively. In order to associate probability to each scenario, let R be a vec-
tor of random variables representing financial returns and a physical risk index. Specifically,
let Rg , Rb and Rn denote the returns of green, brown and neutral companies, respectively,
and let Rp represent a suitable physical risk index, so that R′ = [Rg, Rb, Rn, Rp]. The joint
distribution function of these variables is described by the cumulative distribution function
(CDF) FR(r) : R

4 → [0, 1], which is defined as:

FR(r) = Pr(Rg ≤ rg, Rb ≤ rb, Rn ≤ rn, Rp ≤ rp) (1)

In disorderly-related scenarios, a proactive approach is addressed to keep global warming
under control and policies are introduced with medium-high speed. In this context, green
companies are likely to have an advantage relatively to brown companies, so that their stock
returns would experience an increase whereas, in contrast, brown company stocks’ returns
would experience a decrease. On the other hand, physical risk index is assumed to remain
stably low, under a pre-determined threshold. This narrative can be consistently translated
into a climate scenario, i.e.:

Cdis =
{

Rg ≥ qβ
g , Rb ≤ qα

b ; Rn, Rp ≤ qγ
p

}
(2)

where the β, α and γ quantiles of green and brown stock returns’ distributions and physical
index distribution are given by Pr(Rg ≥ qβ

g ) = β (such that Pr(Rg < qβ
g ) = 1 − β),

Pr(Rb ≤ qα
b ) = α and Pr(Rp ≤ qγ

p ) = γ , respectively. The probabilistic scenario associ-
ated to Cdis is described by the following joint probability:

Pr(Cdis) = Pr(Rg ≥ qβ
g , Rb ≤ qα

b ; Rn, Rp ≤ qγ
p ) =

∫ qγ
p

−∞

∫ ∞

−∞
Pr(Rg ≥ qβ

g , Rb ≤ qα
b | Rn, Rp) fRn |Rp (rn | rp) fRp (rp) drn drp

(3)

In hot-house-world-related scenarios, current policies are preserved, emissions grow, and
temperatures are expected to increase by more than 3.0◦C in a 50-year period. In these
scenarios, representing a low carbon transition risk in conjunction with high climate physical
risks, brown companies are expected to increase in value, and green ones to do the opposite.
To this narrative we associate the following climate scenario:

Chhw =
{

Rg ≤ qα
g , Rb ≥ qβ

b ; Rn, Rp ≥ qγ
p

}
(4)
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where the α, β and γ quantiles of green and brown stock returns’ distributions and physical
index distribution are given by Pr(Rg ≤ qα

g ) = α, Pr(Rb ≥ qβ
b ) = β (such that Pr(Rb <

qβ
b ) = 1 − β) and Pr(Rp ≥ qγ

p ) = 1 − γ , respectively. The probability associated to such
scenarios can be computed as follows:

Pr(Chhw) = Pr(Rg ≤ qα
g , Rb ≥ qβ

b ; Rn, Rp ≥ qγ
p ) =

∫ ∞

qγ
p

∫ ∞

−∞
Pr(Rg ≤ qα

g , Rb ≥ qβ
b | Rn, Rp) fRn |Rp (rn | rp) fRp (rp) drn drp

(5)

As far as orderly-related scenarios are concerned, policy constraints to meet climate tran-
sition goals are implemented smoothly, allowing firms to progressively adapt to the new
business setting. Investors would expect, therefore, asset returns to move around their median
values (i.e. with no abrupt price changes), while physical risk index is relative subdued. Such
climate state can be described as:

Cord =
{

q L
g ≤ Rg ≤ qU

g , q L
b ≤ Rb ≤ qU

b ; q L
n ≤ Rn ≤ qU

n , Rp ≤ qγ
p

}
(6)

where L and U represent the symmetric lower and upper percentile around the median
quantile of the respective distributions. The probability associated to such climate state can
be computed as follows:

Pr(Cord) = Pr(q L
g ≤ Rg ≤ qU

g , q L
b ≤ Rb ≤ qU

b ; q L
n ≤ Rn ≤ qU

n , Rp ≤ qγ
p )

=
∫ qγ

p

−∞

∫ ∞

−∞
Pr(q L

g ≤ Rg ≤ qU
g , q L

b ≤ Rb ≤ qU
b |q L

n ≤ Rn ≤ qU
n , Rp

≤ qγ
p ) fRn |Rp (rn | rp) fRp (rp) drn drp

(7)

In the current study, in line with the literature, α and β are set equal to 0.2. In the orderly
transition scenario, for green, neutral and brown indexes, q L

i and qU
i (with i = g, n, b) are

set to 0.40 and 0.60, respectively. Regarding the physical index, qγ
p is the quantile associated

to a value of the index equal to 1 in order to distinguish low and high physical risk. As a
matter of fact, by construction, the index used for the physical risk reports values greater than
the unitary threshold when an extreme weather event is occurred. The probability associated
to a low physical risk (γ ) is approximately equal to 0.9.

The underlying assumptions of each climate scenario are schematically illustrated below
for clarity (See Table 1):

Table 1 Summary of underlying assumptions for each climate scenario

Climate hypothesis p g n b

Disorderly trans. (Cdis) Rp ≤ qγ
p Rg ≥ qβ

g Rn Rb ≤ qα
b

Hot house world (Chhw) Rp ≥ qγ
p Rg ≤ qα

g Rn Rb ≥ qβ
b

Orderly trans. (Cord) Rp ≤ qγ
p q L

g ≤ Rg ≤ qU
g q L

n ≤ Rn ≤ qU
n q L

b ≤ Rb ≤ qU
b

For each row of the table a climate scenario is presented; columns report relevant climate variables, where p
stands for “physical”, g for “green”, n for “neutral” and b for “brown”. For each variable, climate scenarios
are identified through the respective “portions” of the multivariate probability space
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3 Measures of climate systemic risk

In order to identify potential vulnerabilities of the financial system in each scenario C ∈
{Cdis, Chhw, Cord}, we compute, for each bank, four metrics. The first three are strictly related
to each other and they are the conditional expected return (C-ER), the conditional value-at-
risk (C-VAR), the conditional expected shortfall (C-ES). Finally, based on C-ER, we quantify
the conditional capital at risk (CRISK) of the financial institutions in each climate scenario.

Let Ri be a random variable denoting the stock return of bank i . The C-ERC
i can be

computed as:

E(Ri |C) =
∫∞
−∞ ri · fC|Ri (C|ri ) · fRi (ri ) dri∫∞

−∞ fC|Ri (C|ri ) · fRi (ri ) dri
, C ∈ {Cdis, Chhw, Cord} (8)

where f (C|ri )· f (ri ) represents the joint density function of ri and C, whereas the denominator∫∞
−∞ f (C|ri ) · f (ri ) dri represents the probability of occurrence of climate scenario Pr(C).

Ultimately, the computation of C-ER of bank i under the climate scenario C reduces to:

E(Ri |C) =
∫ ∞

−∞
ri

f R(ri , C)

Pr(C)
dri , C ∈ {Cdis, Chhw, Cord} (9)

Concerning the C-VARC
i , this represents the quantile of stock i’s distribution (conditional

on the climate state C) that solves the following equation:

Pr(Ri ≤ V a Ri
δ|C) = δ, C ∈ {Cdis, Chhw, Cord} (10)

that is the quantile of the distribution (conditional on the climate state C) which leaves at its
left a probability equal to δ. Formally:

F(V a Ri
δ|C) =

∫ V a Ri
δ−∞ f (C|ri ) · f (ri ) dri∫∞

−∞ f (C|ri ) · f (ri ) dri
= δ, C ∈ {Cdis, Chhw, Cord} (11)

where f (C|ri )· f (ri ) represents the joint density function of ri and C, whereas the denominator∫∞
−∞ f (C|ri ) · f (ri ) dri represents the probability of occurrence of climate scenario C, i.e.

Pr(C). By replacing f (C|ri ) · f (ri ) and C, we obtain:

F(V a Ri
δ|C) =

∫ V a Ri
δ

−∞
f R(ri , C)

Pr(C)
dri = δ, C ∈ {Cdis, Chhw, Cord} (12)

Finally, the C-ESC
i is defined as the average return r of bank i below (i.e. to the left of)

the V a Ri
δ under the climate scenario C, so that:

C-E Si
δ = E(Ri |Ri ≤ V a Ri

δ, C) =
∫ V a Ri

δ

−∞
ri · f R(ri , C)

Pr(ri ≤ V a Ri
δ | C)

dri , C ∈ {Cdis , Chhw, Cord }
(13)

In the present study, in line with the previous literature, in order to compute C-VARC
i and

C-ESC
i , we set δ equal to 0.1.

Concerning the CRISK, the methodology is derived from Jung et al. (2021), who extended
the SRISK measure of Brownlees and Engle (2017) and Acharya et al. (2012), which denotes
the capital shortfall of a firm conditional on a systemic event. Following the original notation
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used in Brownlees and Engle (2017), we start by computing the capital shortfall (CS) of bank
i at time t , which is defined as:

C Si,t = k · Ai,t − Wi,t = k(Di,t + Wi,t ) − Wi,t = k · Di,t − (1 − k) · Wi,t (14)

where Ai,t is the value of quasi assets of bank i at time t4, Wi,t and Di,t are the observed
market capitalization and debt of bank i at time t , respectively, and k is a scalar denoting the
prudential capital fraction set by the regulator.

Given the linearity property of the expected value operator E(•), the expected value of
CS of bank i at time t conditional on a climate event can be computed as5:

C-CSC
i,t = Et (C Si,t+h |C) = Et (k · Di,t+h − (1 − k) · Wi,t+h |C) =

k · Et (Di,t+h |C) − (1 − k)Et (Wi,t+h |C)
(15)

with C ∈ {Cdis, Chhw, Cord}. Moreover, it is reasonable to treat the total debt Di as a constant
(i.e. Et (Di,t+h |rm,t+h < ψ) = Di,t ), under the assumption that, in case of systemic events,
the debt cannot be renegotiated. That is:

C-CSC
i,t = k · Di,t − (1 − k) Et (Wi,t+h |C)︸ ︷︷ ︸

Wi,t (1+L R C-E RC
i,t )

(16)

with C ∈ {Cdis, Chhw, Cord}. A central role is played by the factor Et (Wi,t+h |Rcr f ,t+h <

ψ), which represents the expected value of bank’s capitalization conditional on a climate
systemic event. This factor can also be restated as Wi,t (1+L R C-E RC

i,t ), where L R C-E RC
i,t

represents the Long Run C-E R of bank i at time t under the climate scenario C, that is:

L R C-E RC
i,t = eC-ERC

i,t − 1 (17)

with C-ERC
i,t indicating the annualized conditional expected return of bank i’s stock at time

t6 under the climate setting C = Cdis, Chhw, Cord . In practice, the L R C-E RC
i,t represents

the one-year-ahead expected return assuming a specific climate stress scenario. Starting from
L R C-E RC

i,t , the climate risk propagates through the C-CS: in particular, a lower L R C-E RC
i,t

corresponds to a higher climate risk exposure and, as a consequence, to a higher C-CS. Clearly,
this is not a warning sign per se, since the C-CS will remain negative if the bank is adequately
capitalized.

In its standard formulation, the C RI SK C
i,t quantifies the capital at risk for each bank i at

time t under a specific climate scenario as:

C RI SK C
i,t = max(0, C-CSC

i,t ) (18)

since the capital shortfall C Si,t has economic relevance only when is greater than 0, i.e. when
market capitalization of bank i at time t (Wi,t ) is lower than the regulatory capital requirement
(k · Ai,t ). Individual results for C RI SK are not reported for brevity. Despite differences
in exposure to climate risk could emerge on an individual basis, here we are interested
in quantifying the climate systemic risk and identify potential criticality at a country and

4 Here we refer to Ai,t as quasi assets since they are computed by using the market capitalization Wi,t instead
of the book value of equity.
5 The linearity property of E(•) states that for any two random variables X and Y , and any two constants a
and b, the following holds: E(a X + bY ) = aE(X) + bE(Y ).
6 Specifically, we multiplied C-ERC

i,t by 52.
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European level. For each climate scenario C, the systemic CRISK, aggregated on a country
level, has been determined as:

C RI SK C
c,t =

N∑
ic=1

C RI SK C
ic,t (19)

where ic represents the bank i in country c and C the specific climate setting, with C ∈
{Cdis, Chhw, Cord}.

4 Data

4.1 Climate risk variables

Climate risks (transition and physical) have been measured through the construction of suit-
able indexes. More specifically, the transition risk derives from the interaction between green,
neutral and brown companies, since they are expected to perform differently according to the
climate scenario one is assuming. On the other hand, physical risk index has been elaborated
taking into account data provided by specialized data centers which monitor extreme weather
events.

Green, neutral and brown companies. For each non-financial constituent of the STOXX
Europe 600 index, we gathered from Bloomberg data about scope 1 and scope 2 annual GHG
emission7 for the decade between 2014 and 20238.

Non-financial companies have been then categorized into quintiles, in such a way that
they are classified as green or brown when included in the first and fifth GHG quintiles,
respectively, and as neutral otherwise. For each group, we then constructed 3 indexes, by
computing the cross-sectional median of weekly returns, denoted as r̄g,t , r̄b,t , r̄n,t , respec-
tively, over the time horizon t going from 1 to T . The distinctive feature of green, neutral, and
brown firms is their vulnerability to transition to a low-carbon economy, with green (brown)
firms exhibiting the lowest (highest) risk exposure, and neutral firms having average risk
exposure. The inter-dependence between green, neutral, and brown returns determines the
systemic impact of different climate scenarios.

Main statistics of green, neutral, brown indexes are synthesized in Table 2.
Green, neutral and brown indexes result to be strongly positive correlated9. The presence

of high kurtosis (around 12.0 for all the indexes) and negative skewness confirm an evident

7 To help delineate direct and indirect emission sources, the GHG Protocol Corporate Standard has defined
three scopes for GHG accounting and reporting purposes. For our purposes, we limit our analysis to the first
two, since the third one is an optional reporting category which allows for the treatment of all other indirect
emissions. Scope 1 includes direct GHG emissions, occurring from sources that are owned or controlled
directly by a company. Scope 2 accounts for GHG emissions from the generation of purchased electricity
consumed by a company. Purchased electricity is defined as electricity that is purchased or otherwise brought
into the organizational boundary of a company.
8 We rely on absolute GHG emissions as our baseline measure since they provide a direct indication of
the aggregate decarbonisation process associated with each firm and are consistent with the transition-risk
mechanisms embedded in NGFS scenarios. We are aware that alternative standardizations (e.g., GHG scaled
by enterprise value, revenues, or total assets) could lead to different ranking based on carbon intensity. However,
their cross-sectional rank correlations with absolute emissions remain high, and our main empirical results are
mainly unchanged. For this reason, and to remain consistent with the NGFS framework, we retain absolute
emissions as our preferred specification.
9 Specifically, correlation between green and neutral is about 0.96, between green and brown is approximately
equal to 0.86 and, finally, between neutral and brown about 0.94.
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Table 2 Summary statistics of green, neutral and brown indexes

Climate indexes Min Mean Median Max Std dev Skewness Kurtosis Obs.

Green −0.1861 0.0023 0.0046 0.1146 0.0244 −1.0727 12.3141 522

Neutral −0.1791 0.0016 0.0042 0.0919 0.0226 −1.2669 12.4485 522

Brown −0.2032 0.0009 0.0024 0.1102 0.0253 −1.2214 12.5478 522

This table reports summary statistics of green, neutral and brown indexes. All indexes are negatively skewed,
indicating a higher probability of extreme negative returns than positive ones and exhibit significant kurtosis,
particularly the brown portfolio, indicating fat tails and a higher likelihood of extreme returns

departure from normality distribution assumptions. All three indexes have a positive mean,
albeit small, suggesting a positive average return over the sample period. From summary
statistics, reported in Table 2, it is evident that green firms outperform brown ones both in
terms of mean returns (0.23% vs 0.09%) and in terms of volatility (2.4% vs 2.5%). Starting
from 2017, green index has been strongly overperforming compared to neutral and brown
index. This pattern may be interpreted as the realization of a disorderly transition scenario,
in which abrupt policy interventions, technological shifts, or changes in investor sentiment
disproportionately benefit low-emission firms while penalizing carbon-intensive companies.
Under the 2015 Paris agreement, 196 countries pledged to limit global warming to well below
2.0◦C, and ideally not more than 1.5◦C above preindustrial levels. That target, if pursued,
would manifest in decarbonization across industries, creating major shifts in commodity
demand for the energy and mining industries and likely resulting in declining global revenue
pools.

As more countries adopt policies and regulations to reduce emissions and promote clean
energy, the demand for fossil fuels and other high-emitting assets may decline, potentially
causing these assets to become stranded and lose value. In light of this, financial institutions
who adopted an expansive investment policy in favor of green activities are supposed to
pursue a concrete benefit in terms of extra returns, whereas those with portfolios heavily
concentrated in carbon-intensive sectors are likely to face relative underperformance and
increasing transition risk exposures.

Physical Risk Index. To proxy physical risk, we rely on the European Extreme Events
Climate Index (E3CI) published on the website https://climateindex.eu/ and updated with
monthly frequency. The project is born from the collaboration between the International
Foundation Big Data and Artificial Intelligence for Human Development (IFAB), the Italian
foundation Centro Euro-Mediterraneo sui Cambiamenti Climatici (CMCC Foundation) and
a private entity (Leithà), which acts as a research center promoted by Unipol Group within
the big data and computer science sector.

E3CI exploits atmospheric reanalysis ERA5, which covers global climate in the period
from January 1940 to present. More specifically, E3CI is based on the re-elaboration, at
country level, of 7 weather indicators (maximum and minimum temperatures, droughts,
precipitations, winds, hails and forest fires). Each timeseries is then standardized with respect
a reference period typically longer than one century, such that occurrences above 1.0 (unitary
threshold) represent extreme weather events. For each European country, E3CI is eventually
computed as the arithmetic mean of the 7 weighted standardized weather indicators. For
a more exhaustive description of the E3CI construction, please refer to the technical notes
reported on the website https://climateindex.eu/.
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Fig. 2 European climate physical risk index. This figure shows the cumulated 7 European physical risk
indicators starting from 2014 (maximum and minimum temperatures, droughts, precipitations, winds, hails
and forest fires). Each risk index has been constructed as the weighted average of the country-specific indicators,
using as weights their respective gross domestic products. When needed, GDPs have been previously converted
in EUR. The solid red line represents the cumulated European physical risk index; it has been computed as
the arithmetic mean of the 7 European risk indicators. A determinant role is played by the constant rising of
maximum temperatures

In order to come to an aggregated European physical risk index, we examined the 7 indexes
aforementioned for 37 European countries10. Then, for each of the 7 indicators, from 2014
to 2023, we computed the weighted average, using as weights the gross domestic product of
the respective countries. The E3CI at European level has been constructed as the arithmetic
mean of the 7 weighted indicators (Fig. 2).

4.2 Sample of financial institutions

The sample of European financial institutions is composed by 43 banks. From Bloomberg
database, we downloaded weekly time series of ordinary stock prices, adjusted for dividend
and stock splits. Time series cover a decade period, from January 1, 2014 to December 31,
2023. Stock prices have been converted into stock returns by computing the weekly percentage
variation (ri,t = pi,t

pi,t−1
− 1). Summary statistics of bank stocks’ returns are synthesized in

Table 3.
The overall market capitalization of the sample is about EUR 1.100bn by the end of

202311.

10 The 37 European countries are: 1) Belgium; 2) Bulgaria; 3) Czechia; 4) Denmark; 5) Germany; 6) Estonia;
7) Ireland; 8) Greece; 9) Spain; 10) France; 11) Croatia; 12) Italy; 13) Cyprus; 14) Latvia; 15) Lithuania; 16)
Luxembourg; 17) Hungary; 18) Malta; 19) Netherlands; 20) Austria; 21) Poland; 22) Portugal; 23) Romania;
24) Slovenia; 25) Slovakia; 26) Finland; 27) Sweden; 28) Iceland; 29) Norway; 30) Switzerland; 31) United
Kingdom; 32) Bosnia and Herzegovina; 33) Montenegro; 34) North Macedonia; 35) Albania; 36) Serbia; 37)
Turkey.
11 The most represented banks in term of capitalization are as follows: HSBC Holdings (EUR 141.2 bn), UBS
Group (EUR 97.3 bn), BNP Paribas (EUR 71.8 bn), Banco Santander (EUR 61.2 bn), Intesa Sanpaolo (EUR
48.3 bn), Banco Bilbao Vizcaya Argentaria (EUR 48.0 bn), ING Group (EUR 47.3 bn) and Unicredit (EUR
43.8 bn), Nordea Bank (EUR 39.6 bn) and Credit Agricole (EUR 39.2 bn).
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Preliminarly, we tested banks’ exposure to green, neutral and brown indexes (controlling
for the STOXX Europe 600), by performing, for each institution, an OLS regression with the
following specification:

ri,t = αi + x′
tβi + εi,t (20)

where x′
t is a vector containing green, brown, neutral index, as well the EURO STOXX 600

index as controlling variable. Results are reported in Appendix B. T-stats reported in the table
have been computed by bootstrapping residuals 10.000 times. From the analysis conducted,
it emerges that European financial institutions are heavily exposed to brown companies,
with an average βbrown equal to 1.53. On the other hand, exposure to green and neutral
appears to be low and not always statistically significant. If regulatory interventions will be
implemented to shift into less carbon-intensive economy to meet the Paris agreement goal,
the returns of “brown” companies are likely to fade rapidly. As a consequence, in the absence
of corrective adjustments in portfolio composition, bank stock returns would be expected to
decrease correspondingly, with their trajectory falling significantly below that of the STOXX
Europe 600 index over the short/medium term.

5 Climate scenarios’ construction

Once climate risk variables have been defined, we have assumed a hierarchical structure
of dependence between them. Extending the methodology adopted by Ojea-Ferreiro et al.
(2024), the dependency structure of the set of climate variables (i.e. the climate physical
risk index, returns of green, neutral and brown companies) has been modeled with the PCC
method through a C-vine copula, which allows us to decompose a n joint density function
h(x1, x2, ..., xn) into n·(n−1)

2 appropriate pair-copulas and n marginal density functions. Vine
copulas have been used in several financial modeling applications, such as the estimation of
portfolio risk (Allen et al., 2013), portfolio optimization in energy markets (Allevi et al.,
2019), and the study of the interdependence of companies sustainability scores (Czado et al.,
2022).

Since we deal with copulas, which require uniform marginal distributions, we transformed
original variables accordingly. Regarding standardized residuals of banks’ returns, green,
neutral and brown indexes, we obtained a time series of pseudo observations by evaluating
the cumulative function of the Hansen’s skew-t distribution, thereby transforming the original
data into the unit interval [0, 1]. As far as the physical risk index is concerned, we transformed
the original variable through a non-parametric procedure, i.e. by computing its empirical
cumulative distribution. From now on, we follow the standard notation which conventionally
denotes with the letter u the transformed variables.

The structure of dependence between the climate physical risk index (u p) and green (ug),
neutral (un) and brown (ub) companies is compactly and effectively summarized by the
following upper triangular matrix V:

⎡
⎢⎢⎣

1 1 1 1
0 2 2 3
0 0 3 2
0 0 0 4

⎤
⎥⎥⎦ (21)

where each number corresponds to a different index. In particular, physical risk index (u p)
is associated to number 1, whereas green (ug), neutral (un) and brown (ub) indexes are
associated to number 2, 3 and 4, respectively. Each tree of the vine copula is described by
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the corresponding row of the matrix in conjunction with the leading diagonal diag(V). The
C-vine is composed of three trees having the physical risk as the central node connected to
green, neutral and brown marginal distributions through the copulas C(u p, ug), C(u p, un)

and C(u p, ub) respectively. The choice of physical risk index as a central node relies on the
evidence that extreme weather events and long-term climate changes are systemic drivers of
financial and operational impacts.

More specifically, the first tree of the vine copula is associated to the first row and the
leading diagonal of the matrix. Therefore, to the pair of numbers (1,2), i .e. the second number
on the first row and on the leading diagonal, is associated the copula C(u p, ug), to the pair of
numbers (1,3), i .e. the third number on the first row and on the leading diagonal, is associated
the copula C(u p, un) and, finally, to the pair of numbers (1,4), i .e. the fourth number on the
first row and on the leading diagonal, is associated the copula C(u p, ub).

The second tree of the vine copula is represented by the second row and the leading diag-
onal, with the elements in the first row now containing the respective conditioning variables.
Therefore, to the 3-tuple of numbers (1,2,3), i .e. the third number on the first two rows and
on the leading diagonal, is associated the conditional copula C(ug, un |u p), and to the 3-tuple
of numbers (1,3,4), i .e. the fourth number on the first two rows and on the leading diagonal,
is associated the conditional copula C(ub, un |u p). This approach involves the computation
of the marginal conditional distributions Fj |p(u j |u p), with j = g, n, b. It can be shown that
they can be computed as:

Fj |p(u j |u p) = ∂C(u j , u p)

∂u p
= h(u j , u p,�) with j = g, n, b (22)

where h(·, ·,�) represents the so-called h- f unction, with the second parameter correspond-
ing to the conditioning variable, and � denoting the set of parameters for the copula of the
joint distribution function of u j and x p . Appendix D provides a detailed overview of the set
of parameters � characterizing each of the bivariate copulas considered in the analysis12.

Finally, the third tree of the vine copula is represented by the third row and the leading
diagonal, with the elements in the first two rows now containing the respective conditioning
variables. Therefore, to the 4-tuple of numbers (1, 3, 2, 4), i .e. the fourth number on the first
three rows and on the leading diagonal, is associated the conditional copula C(ug, ub|u p, un).
Appendix C provides a graphical representation of the structure of the implemented C-vine
copula.

An illuminating perspective on the computational problem is provided by the 2D graphical
representation of the copulas reported in Figures 3-5. As a matter of fact, copulas allow
us to translate climate scenarios into portions of the probability space. Starting from four
variables (physical risk index, and returns of green, neutral, and brown assets), we reduce
the complexity of the probability space by focusing on conditional distributions instead of
marginals, thereby flattening the problem into a dual-dimensional framework (green and
brown assets only). In other words, here we are assuming that the impact of physical risk
and neutral assets over green and brown ones has already been analyzed and properly taken
into account. By adopting this approach, copulas assume a far more intuitive meaning, since
they can be treated as addition and subtraction of portions of the probability space.

12 The set � includes one or more parameters, depending on the type of copula. For instance, the Gaussian
copula involves the linear correlation ρ. The Student’s t copula includes both the linear correlation ρ and the
degrees of freedom η, which controls tails thickness and tail dependence. Archimedean copulas (such as the
Gumbel, Clayton and Frank copulas) involves a dependence parameter, often denoted with θ , that governs the
strength and asymmetry of dependence.
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Fig. 3 2D Probability Space for
the Climate Disorderly Transition
Scenario

In the disorderly transition scenario Cdis, we are assuming that Pr(Rg ≥ qβ
g ; Rn) = 1−β

(such that Pr(Rg < qβ
g ; Rn) = β) and that Pr(Rb ≤ qα

b ; Rn) = α, given a low level of
physical risk, i.e. Pr(Rp ≤ qγ

p ) = γ .
In terms of copulas, the joint probability associated to this scenario can be computed as

follows:
Pr(Cdis) = Pr

(
Rg ≥ qβ

g , Rb ≤ qα
b ; Rn

∣∣Rp ≤ 1
)

=
∫ 1

0

∫ FRp (1)

0
C(ug ≥ 1 − β, ub ≤ α; un

∣∣u p) du p dun

(23)

where

C((ug ≥ 1 − β, ub ≤ α|un)
∣∣u p) =

(A+B)︷ ︸︸ ︷

Cb|p,n(Cb|p(α|u p)|Cn|p(un |u p))−

Cg,b|p,n(Cg|p,n(Cg|p(1 − β|u p)|Cn|p(un |u p), Cb|p,n(Cb|p(α|u p)|Cn|p(un |u p)))︸ ︷︷ ︸
B

(24)

In Fig. 3, x and y-axis report the conditional distribution of brown and green assets, given
neutral ones and physical risk index, respectively. Graphically, our area of interest is colored
in green and denoted with the letter A. Trivially, determining this area consists in computing
the difference between the sum of areas (A + B) and B.

In the hot house world scenario Chhw, we are assuming that Pr(Rg ≤ qα
g ) = α and that

Pr(Rb ≥ qβ
b ) = β (such that Pr(Rb < qβ

b ) = 1 − β), given a high level of physical risk,
i.e. Pr(Rp ≥ qγ

p ) = 1 − γ . Similarly to the disorderly transition scenario, this probability
can be computed as:

Pr(Chhw) = Pr
(

Rg ≤ qα
g , Rb ≥ qβ

b ; Rn, Rp ≥ 1
)

=
∫ 1

0

∫ 1

FRp (1)

C(ug ≤ α, ub ≥ 1 − β; un
∣∣u p) du p dun

(25)
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Fig. 4 2D Probability Space for
the Climate Hot House World
Scenario

Fig. 5 2D Probability Space for
the Climate Orderly Transition
Scenario

where

C((ug ≤ α, ub ≥ 1 − β|un)
∣∣u p) =

(A+B)︷ ︸︸ ︷

Cg|p,n(Cg|p(α|u p)|Cn|p(un |u p))−

Cg,b|p,n(Cg|p,n(Cg|p(α|u p)|Cn|p(un |u p), Cb|p,n(Cb|p(1 − β|u p)|Cn|p(un |u p)))︸ ︷︷ ︸
B

(26)

In Fig. 4, x and y-axis report the conditional distribution of brown and green assets,
given neutral ones and physical risk index, respectively. Graphically, our area of interest
is colored in brown and denoted with the letter A. As already specified for the disorderly
transition scenario, determining the probability associated to the hot house world consists in
computing the difference between the sum of areas (A + B) and B.
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Finally, in the orderly transition scenario Cord, we assume that Pr(q L
g ≤ Rg ≤ qU

g ),

Pr(q L
b ≤ Rb ≤ qU

b ), Pr(q L
n ≤ Rn ≤ qU

n ), given a low level of physical risk, i.e. Pr(Rp ≤
qγ

p ). This can be restated in terms of copulas as:

Pr(Cord) = Pr(q L
g ≤ Rg ≤ qU

g , q L
b ≤ Rb ≤ qU

b ; q L
n ≤ Rn ≤ qU

n , Rp ≤ qγ
p ) =

∫ f

e

∫ FRp (1)

0
C(a ≤ ug ≤ b, c ≤ ub ≤ d; un

∣∣u p) du p dun

(27)

where

C((a ≤ ug ≤ b, c ≤ ub ≤ d; un)
∣∣u p) =

(A+B+C+D)︷ ︸︸ ︷

Cg,b|p,n(Cg|p,n(Cg|p(b|u p)|Cn|p(un |u p), Cb|p,n(Cb|p(d|u p)|Cn|p(un |u p))) +

+

C︷ ︸︸ ︷

Cg,b|p,n(Cg|p,n(Cg|p(a|u p)|Cn|p(un |u p), Cb|p,n(Cb|p(c|u p)|Cn|p(un |u p))) −

−

(C+D)︷ ︸︸ ︷

Cg,b|p,n(Cg|p,n(Cg|p(a|u p)|Cn|p(un |u p), Cb|p,n(Cb|p(d|u p)|Cn|p(un |u p))) −

−

(C+B)︷ ︸︸ ︷

Cg,b|p,n(Cg|p,n(Cg|p(b|u p)|Cn|p(un |u p), Cb|p,n(Cb|p(c|u p)|Cn|p(un |u p)))

(28)

with a = 0.5 − β
2 , b = 0.5 + β

2 , c = 0.5 − α
2 and d = 0.5 + α

2 .
In Fig. 5, x and y-axis report the conditional distribution of brown and green assets, given

neutral ones and physical risk index, respectively. Graphically, our area of interest is colored
in blue and denoted with the letter A. Clearly, determining this area consists in computing the
difference between areas (A+B+2C+D), B+C and D+C . The C area is both summed and
subtracted twice, reflecting the inherent nature of a copula as a joint cumulative distribution
function, which accounts for the cumulative probabilities across multiple dimensions of the
variables involved.

Regarding the financial institutions, expanding the approach of Ojea-Ferreiro et al. (2024),
we assume the dependence between bank i and climate variables through the copulas
Cgi |pn(ug|(u p, un), i) and Cbi |pn(ub|(u p, un), i). The cascading effects of climate risks on
the financial system are analyzed at an institutional level, one bank at a time for each climate
state C. Consequently, risk metrics (C-ER, C-VAR and C-ES) are estimated separately for
each institution in the first place. The procedure has been implemented in MATLAB esti-
mating the copula function with maximum likelihood procedures and solving the integrals of
equations 9, 12 and 13 numerically. We employed MATLAB 2025a running on a Windows
system equipped with an Intel(R) Core(TM) i9-14900K processor (3.20 GHz) and 32 GB of
RAM.

In order to get an aggregate measure of climate risk at both country and European levels,
risk metrics are combined afterwards, either by additive aggregation or by looking at central
tendencies to capture the overall behavior of the financial sector.
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6 Empirical results

In this section, we discuss the results for climate stress testing by presenting first the results of
the marginal distribution from which we obtain the inputs for the copula and from which we
assess the quantile for the conditioning variables. Later, we discuss the results for the copula
estimations and copula choice, from which we assess the conditional quantile. Finally, we
discuss climate risk metrics, i.e. C-ER, C-VAR, C-ES and CRISK, both at bank and systemic
level (country or European).

6.1 Marginal distributions

In this study, in order to compute the joint density function of banks and climate variables, we
employ the method of Inference Functions for Margins (“IFM”), that is a two step procedure
introduced by Joe and Xu (1996). More specifically, to estimate parameters through the
maximization of the log-likelihood function, marginal distributions and copulas are estimated
separately. The starting point of our analysis is the estimation of the marginal models of bank
returns’ distributions and climate indexes. For each financial institution and for green, neutral
and brown indexes, we estimate ARMA(p,q) processes up to (5,5)-order, where p and q
represent the number of auto-regressive (AR) and moving average (MA) lags, respectively.
Moreover, we estimate heteroskedasticity and leverage effect by testing some GJR-GARCH
processes up to (2,2,2)-order. Optimal orders of ARMA and GJR-GARCH models have
been selected by choosing those presenting the lowest BIC. Finally, skewness and kurtosis of
returns have been modeled by assuming a Hansen’s skew-t distribution. More specifically, for
each financial institution i and for green, neutral and brown indexes, we estimate ARMA(p,q)
processes, i.e.:

ri,t = φi,0 +
p∑

j=1

φi, j ri,t− j +
q∑

k=1

ψi,kεi,t−k + εi,t (29)

up to (5,5)-order, where:

1.
∑p

i=1 φi yt−i represents the auto-regressive component (AR), and p is the maximum
number of auto-regressive lags;

2.
∑q

j=1 θ jεt− j represents the moving average component (MA), and q is the maximum
number of moving average lags;

3. εn,t is given by σn,tξn,t . Moreover, E(εn,t , εn,t−k) = 0 with k 	= 0, i.e. residuals, on
average, are not auto-correlated.

Moreover, we estimate heteroskedasticity and leverage effect by testing different GJR-
GARCH(p,o,q) processes up to (2,2,2)-order, i.e.:

σ 2
i,t = ωi +

p∑
j=1

αi, jε
2
i,t− j +

o∑
k=1

γi,kε
2
i,t−k I{εi,t−k<0} +

q∑
m=1

βi,mσ 2
i,t−m (30)

where:

1. σ 2
i,t is the conditional variance for return i at time t ,

2. ωi is the constant term,
3. αi, j are the coefficients for the ARCH term (i.e.

∑p
j=1 αi, jε

2
i,t− j ), which represent the

effect of past squared residuals on the current conditional variance σ 2
i,t ,
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Fig. 6 Empirical and fitted distributions for green, neutral and brown indexes

4. γi,k are the coefficients for the leverage effect (i.e.
∑o

k=1 γi,kε
2
i,t−k I{εi,t−k<0}), which

capture the tendency for volatility to rise more following a large price fall than following
a price rise of the same magnitude,

5. I{εi,t−k<0} is an indicator function that equals 1 if εi,t−k < 0 and 0 otherwise,
6. βi,m are the coefficients for the GARCH term (i.e.

∑q
m=1 βi,mσ 2

i,t−m), which represent

the effect of past conditional variances on the current conditional variance σ 2
i,t .

In particular, we tested six different GJR-GARCH models, allowing also for asymmetry.
Univariate volatility models tested are (1,0,0), (1,0,1), (1,1,1), (2,0,0), (2,0,2) and (2,2,2).

In modeling residuals, we assume ξn,t ∼ ST(ξn,t ; νn, λn) where ST indicates the Hansen’s
skew-t distribution, with ν degrees of freedom (2 < ν < ∞) and asymmetry parameter λ

(−1 < λ < 1). The following figure reports for green, neutral and brown indexes the
empirical and fitted distributions (Fig. 6).

6.2 Copula functions

As far as the market is concerned, i.e. the relation between physical risk vs green, neutral
and brown companies in the first tree and between green and brown vs neutral companies
(conditioned on physical risk) in the second tree, for each pair of variables we considered
8 different types of copulas, commonly employed in financial studies. Each copula differs
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in tail dependence characteristics13. For example, the Clayton and the Survival Gumbel
copulas allow for lower tail dependence but no upper tail dependence, whereas the opposite
situation is found in Gumbel and Survival Clayton copulas. Finally, other copulas, such as
the symmetrised Joe-Clayton (BB7)14 and the Student’s t copulas, allow for either upper and
lower tail dependence.

In this work, we assume that the functional form of the copula remains fixed over time,
allowing the set of parameters � varying dynamically based on some equations for time
evolution. In literature, there exist several alternative approaches to model time-varying
copula parameters. For example, Aloui et al. (2013) rely on the use of rolling-windows,
while others, such as Creal et al. (2013) and Hafner and Manner (2012), on the use of a
Generalized Autoregressive Score (“GAS”) or Stochastic Autoregressive Copulas (“SCAR”).
In the present study, equations that characterize the time dependency have been retrieved from
Patton (2006b)15.

For each copula we have computed the negative sum of log-likelihood (NSLL), the Akaike
Information Criterion (AIC) and the Bayesian Information Criterion (BIC) and selected that
showing the most negative BIC. Copula estimation reveals that green, neutral, and brown
companies exhibit the best fit with physical risk via a Gaussian copula structure. Furthermore,
conditional on the physical risk index, both green and brown firms show asymmetric tail
dependence with neutral firms, which is best captured by a rotated Gumbel copula.

When financial institutions are taken into consideration, i.e. when we analyze the depen-
dency of green and brown companies (conditional on neutral ones and physical risk) vs
European banks, the number of tested copulas has been restricted to four (Gaussian, Stu-
dent’s t , Gumbel and Clayton copulas). The analysis points out that most financial firms
exhibit statistical independence from green firms (conditional on neutral ones and physical
risk index), while showing significant dependence on brown firms (conditional on neutral
ones and physical risk index), best characterized by a Gaussian copula. In marginal cases, the
dependence structure is better captured by a Gumbel copula, suggesting asymmetric upper
tail dependence.

6.3 C-ER, C-VAR, C-ES results

In this section, we present the estimations of C-ER, C-VAR and C-ES of the sample in
analysis under the three assumed climate scenarios. Results are examined both on a granular
and on a systemic level. In order to come to systemic measure of climate risk, results are
summarized with measures of central tendency.

Figure 7a depicts C-ER average results under the assumption of a disorderly transition
scenario (solid green line), orderly transition scenario (blue dotted line) and a hot house world
scenario (red dotted line). More specifically, for each scenario, Fig. 7a depicts the dynamic
of the weekly average C-ER from 2014 to 2023. At each time t , average values have been
obtained by weighting individual C-ERi results for the respective market capitalization.

13 Given two random variables X1 and X2, we define F−1
X1

and F−1
X2

their quantile functions. The lower tail

dependence coefficient λL is defined by λL := limt→0+ Pr(X2 ≤ F−1
X2

(t)|X1 ≤ F−1
X1

(t)), provided that the

limit λL ∈ [0, 1] exists. Analogously, λU is defined as λU := limt→1− Pr(X2 > F−1
X2

(t)|X1 > F−1
X1

(t)),
provided that the limit λL ∈ [0, 1] exists. If 0 < λL ≤ 1 (0 < λU ≤ 1), then X1 and X2 are said to be
asymptotically dependent in the lower (upper) tail.
14 See Patton (2006b).
15 For more details on the employed equations, see Appendix A.
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Fig. 7 Aggregated C-ER, C-VAR and C-ES results. Figure 7a, 7b and 7c report C-ER, C-VAR and C-ES of
the European financial system under the disorderly transition, the orderly transition and the hot house world.
The disorderly transition is represented by the green line, while the hot house world and the orderly transition
from the red and blue ones, respectively. At each time t, C-ER average values have been obtained by weighting
individual C-ER results for the respective market capitalization. Concerning C-VAR and C-ES, for each time
t, we report the median value along with the 25th and the 75th percentiles of the respective distributions

At a European level, the financial system presents a strong dependency from brown com-
panies, and this is confirmed by the strong positive return, consistently higher than 2%, that
the system would register in case of materialization of the how house world scenario.

Figures 7b and 7c depict, for each time t from 2014 to 2023, the median C-VAR and
C-ES, respectively. The choice of the median value instead of the weighted average reflects
the different nature of C-VAR and C-ES with respect to C-ER. As a matter of fact, differently
from C-ER, which can be treated as an additive measure, C-VAR and C-ES cannot. In order
to give a summary representation of C-VAR and C-ES distributions, along with median
values, the 25th and the 75th percentiles of the respective distributions are reported. In each
picture, the two percentiles correspond to the upper and lower borders of the shaded area.
Interestingly, C-VAR generally points out greater losses in the hot house world scenario than
in the orderly transition and in the disorderly transition scenario. Results are not confirmed
in terms of C-ES, from which it emerges greater losses in the disorderly scenario. While
C-VAR and C-ES values remain quite stable during the period in analysis, an abrupt drop
appears during Covid pandemic and the energetic crisis, reflecting a risk increase in all the
scenarios.

Table 4 reports the estimations of C-ER, C-VAR and C-ES of each bank for the disorderly
transition, the orderly transition and the hot house world scenario.

Clearly, the individual outcomes depend on a variety of factors, including company-
specific performances, strategic investment allocations, loan portfolio composition, and the
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type of copula model identified as the best fitting the underlying data. In addition, these
outcomes are not static, since they reflect not only structural and financial features of various
institutions but also the banks’ responsiveness and adaptability to the unfolding realities
of the eventual climate outcome. The speed and efficiency with which banks conform to
these scenarios play, of course, a crucial role in determining their risk exposure, therefore
underlining the interplay between preparedness, strategic agility, and systemic challenges
posed by climate transition.

Consistently with the strong dependence of financial institutions to brown companies, the
European financial system would benefit greatly in a hot world scenario, in which almost all
the financial institutions in the sample would register positive C-ER, up to +0.05 (Unicredit).
In contrast, the disorderly transition scenario would worsen general performances, with strong
negative results up to -0.05 (Unicredit). In the orderly transition scenario, returns are stably
low and approximately equal to 0%. This trend is not always confirmed from the analysis
of C-ER on a bank specific basis. In some cases (i.e. Ringkjoebing Landbobank A/S and
Banque Cantonale Vaudoise), the opposite dynamic holds, with an average positive return in
case of a disorderly transition scenario and an average negative return in case of a hot house
world scenario.

Interesting insights about climate systemic risk come from the analysis of the aforemen-
tioned financial metrics on a country-level aggregation. In Appendix E, F, and G, the
dynamic of country C-ER, C-ES and C-VAR is reported, from which it emerges that the
systemic impact on European banks of a disorderly transition scenario is much more severe
than the impact of the orderly transition scenario and the hot house world; this is particularly
evident during the Covid pandemic period and the following Russian war.

Table 5 depicts the systemic impact of the three climate transition scenarios on the Euro-
pean countries included in our sample. Here we report results just for France, Spain, Italy,
Germany, Norway and UK. For each climate scenario, we assess the central tendency of
country-level financial firms’ climate risk exposure by aggregating the results for C-ER, C-
VAR, and C-ES. The empirical results confirm that, in nearly all countries considered, the
financial system exhibits a high level of risk exposure under a low-carbon transition scenario.
Overall, under a disorderly transition scenario C-ES registers negative returns up to -15%.
Conversely, in case of a hot house world scenario, the financial system of most relevant
European countries would benefit, given that banks show a high exposure towards brown
companies. Taking France as a reference, the estimated values of C-ER, C-VAR, and C-ES
under the disorderly transition scenario are -0.0350, -0.1025, and -0.1559, respectively, com-
pared with 0.0298, -0.0199, and -0.0447 under the hot house world scenario. Given the actual
policy framework, which penalizes brown companies by transitioning towards a low-carbon
economy, the evidence suggests the need for adjustments in portfolio management strategies,
specifically by mitigating exposures to brown companies and increasing allocations towards
green companies. Results are reported graphically in Appendixes E, F and G.

6.4 CRISK results

In this section, we try to assess the implication of each climate scenario (disorderly transition,
orderly transition and hot house world) in terms of capital at risk for each European country.

It is reasonable to assume that each climate scenario determines a different impact on bank
performances and, hence, stock returns, depending on their exposure to specific sectors. This
type of risk is generally denominated market risk, which is measured in terms of value changes
of financial instruments held by a bank due to unexpected changes in market conditions. For
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instance, banks with a relevant exposure to green companies are supposed to benefit of an
increase in asset value under a disorderly transition scenario, in which green firms have
a relative advantage with respect brown companies. On the other hand, when a hot house
world is assumed, brown companies are going to experience a relative advantage with respect
green firms and this in turn could have an impact on value of banks heavily exposed to brown
sectors.

Figures 8a, 8b and 8c reports CRISK of European countries in each of the three climate
scenarios. Sizable differences in climate risk emerge, depending on the climate scenario
assumed. In particular, CRISK reaches its minimum in the hot house world scenario and its
maximum under the orderly transition scenario, as banks tend to benefit from their relatively
higher exposures to brown companies, which perform better without a low-carbon transition,
as highlighted in previous sections. European CRISK would reach approximately EUR 120
bn by the end of 2023 under a disorderly transition scenario. The greatest contribution to
climate systemic risk comes from France (EUR 30 bn), followed by UK (EUR 28 bn).
Limited impacts are registered by Spain, Italy and Germany (EUR 16 bn, EUR 10 bn and
EUR 9 bn respectively). These results can be compared with those obtained in a previous
contribution (Giacchetta et al., 2024). In that paper, we quantify the European CRISK in
a disorderly transition setting through the use of dynamic conditional correlation model.
More specifically, we register an increasing climate CRISK and a still sizable climate risk
by the end of 2023 (the aggregated European CRISK is quantified in about EUR 160 bn).
We conclude by examining countries contribution, with most of it coming from France for
about EUR 100 bn, followed by UK (EUR 37 bn). In contrast, different CRISK dynamic
is shown by Norwegian banks, which seem to be unaffected by climate risk. On the other
hand, a moderate exposure to climate risk appears in case of orderly transition scenario,
quantifiable in approximately EUR 50 bn at the end of 2023. Again, France would be the
greatest contributor (EUR 21 bn), together with UK (EUR 16 bn), Germany (EUR 6 bn)
and Spain (EUR 5 bn). This is not the case of the hot house world scenario, under which
the European banking system would appear almost entirely immune to climate risk. All in
all, the empirical results show a persistent yet manageable capital shortfall related to climate
risk, even in the most adverse scenario (namely the disorderly transition). Considering the
market capitalization of our sample at the end of 2023, equal to EUR 1.100 bn, CRISK can be
quantified in about 11% of the capital in the disorderly transition scenario, 5% in the orderly
transition scenario and negligible in the hot house world scenario.

7 Conclusions

In this paper, we quantify the climate risk exposure of a large sample of European banks
under three NGFS-aligned climate scenarios. In particular, we expand the methodology
of Ojea-Ferreiro et al. (2024), which involve the use of vine copulas to construct climate
scenario. Differently from Ojea-Ferreiro et al. (2024), in this study the climate transition
risk perspective has been integrated with the physical one. This allows us to characterize
scenarios in terms of different combination of climate risks.

In particular, climate risk exposure is measured assuming three distinct climate scenarios:
disorderly transition, orderly transition and hot house world. In each of these scenarios, the
exposure to climate risk of the financial system is assessed through the computation of four
relevant risk metrics: the conditional expected return C-ER, the conditional value-at-risk
C-VAR, the conditional expected shortfall C-ES and, finally, the CRISK.
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Fig. 8 Aggregated CRISK of the European financial system in different scenarios. These figures depict the
dynamic of country CRISK assuming different climate scenarios between 2014 and 2023. The capital shortfall
results particularly pronounced under the disorderly climate transition scenario, reflecting the higher financial
vulnerabilities that arise in the light of abrupt and uncoordinated policy changes toward low-carbon economies
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In general, results vary from country to country. However, they confirm a high exposure
of European banks towards brown sectors. We have evidence of an increasing CRISK during
years 2022-2023, with a sizable relevance in the disorderly transition scenario (EUR 120 bn
at European level by the end of 2023). The results are particularly relevant for authorities
and central regulators, since market authorities need a quantitative analysis of the impact of
climate change on the financial system. The existence of capital shortfalls, when a specific
climate scenario occurs, motivates policy actions taken by the regulator. Moreover, CRISK
offers valuable insights into the current state of the European financial system by identifying
the banks most vulnerable to adverse climate scenarios and, when necessary, indicating the
need for additional capital injections.

Appendix A: Parameter equations for time dependency

In the present study, following Patton (2006b), for Gaussian and Student’s t copulas, the
dynamic of the parameter ρ has been assumed equal to:

ρt = �1

(
ω + βρt−1 + α

1

10

10∑
k=1

φ−1(u1,t−k) · φ−1(u2,t−k)

)
(A1)

where φ−1 denotes the inverse Gaussian cumulative distribution in case of Gaussian copulas
and the inverse Student’s t cumulative distribution in case of Student’s t copulas. In this
context, we assume �1(x) = 1.998

1+exp(−x)
− 0.999, i.e. a logistic transformation functional

to keep the dependence coefficient between -1 and 1. For Student’s t copulas, degrees of
freedom have been allowed to change dynamically following the equation:

ηt = �2

(
ω + βηt−1 + α

1

10

10∑
k=1

φ−1(u1,t−k) · φ−1(u2,t−k)

)
(A2)

where �2(x) = exp(x)
1+exp(x)

· 98 + 2.
Finally, for the Gumbel and Clayton copulas, we adopted the following parametric repre-

sentation:

θt = �2

(
ω + βθt−1 + α

1

10

10∑
k=1

φ−1(u1,t−k) · φ−1(u2,t−k)

)
(A3)

Appendix B: OLS regression of bank stocks’ returns vs green, neutral
and brown indexes

See Table 6
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Appendix C: Methodological workflow

Step. 1: Construct transition risk indexes: (i) green, (ii) neutral and (iii) brown portfolios;
Step. 2: Identify a proxy for physical risk index (we rely on on the European Extreme Events
Climate Index (E3CI));
Step. 3: Determine the hierarchical structure of the implemented C-vine copula, as reported
in Fig. 9, and compute climate scenarios;
Step. 4: Compute the main climate risk metrics for each bank (C-ER, C-VAR, C-ES, CRISK)
under each climate scenario C.

Fig. 9 Structure of the C-vine copula. The figure illustrates the structure of the C-vine copula. Nodes correspond
to marginal or conditional distributions, where p denotes physical, g green, n neutral, and i bank i , while “|”
indicates conditioning. Solid edges represent bi-variate copulas, whereas dotted edges denote the h-functions
from which conditional distributions are derived
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Appendix D: Set of bivariate copulas

Here we report the functional form of a set of bivariate copulas.
Gaussian copula. This copula depends on one parameter ρ which represents the linear
correlation between the two variables. When ρ = 1, then the copula tail dependence is equal
to 1, otherwise the copula doesn’t have tail dependence. The Gaussian copula is given by the
following formula:

Cρ(u, v) = �2
(
�−1(u),�−1(v); ρ

)
(D4)

where �2 represents the 2-dimensional standard normal distribution function, �−1 is the
inverse of the univariate standard normal distribution function an ρ is the correlation and
ranges between -1 and 1. The formula D4 is not a closed formula since the Gaussian copula
is an implicit copula. The Gaussian copula density function is defined as:

c(u, v; ρ) = 1√
1 − ρ2

exp

(
−ρ2�−1(u)2 − 2ρ�−1(u)�−1(v) + ρ2�−1(v)2

2(1 − ρ2)

)
(D5)

where �−1 stands for the Gaussian inverse cumulative distribution function. The conditional
Gaussian copula Cv|u(v|u; ρ) is defined as

H(u, v; ρ) = ∂C(u, v; ρ)

∂u
= �

(
�−1(v) − ρ�−1(u)√

1 − ρ2

)
(D6)

Student-t copula. The Student-t copula is defined by two parameters: ρ, which represents
the correlation and η, which represents the number of degrees of freedom. This copula allows
both for positive and negative tail dependence. Moreover, when η → ∞, the Student-t copula
resembles the Gaussian copula. Similarly to Gaussian copula, Student-t copula doesn’t have
a close form. It is represented by the following formula:

Cρ,η(u, v) = T2
(
T −1(u), T −1(v); ρ, η

)
(D7)

where T2 represents the 2-dimensional Student-t distribution function, T −1 is the inverse of
the univariate Student-t distribution function, ρ is the correlation (−1 < ρ < 1) and η the
number of degrees of freedom. The formula D7 is not a closed formula since the Student-t
copula, like the Gaussian, is defined with an implicit function.
The Student-t copula density function is defined as:

c(u, v; ρ, η) = K
1√

1 − ρ2

[
1 + T −1

η (u)2 − 2ρT −1
η (u)T −1

η (v) + T −1
η (v)2

η(1 − ρ2)

]− η+2
2

[
(1 + η−1T −1

η (u)2)(1 + η−1T −1
η (v)2)

] η+1
2

.

(D8)

where K = �(
η
2 )�(

η+1
2 )−2�(

η+2
2 ). The conditional Student-t copula Cv|u(v|u; ρ, η) is

H(u, v; ρ, η) = ∂C(u, v; ρ, η)

∂u
= Tη+1

(√
η + 1

η + (T −1
η (u)2)

T −1
η (v) − ρT −1

η (u)√
(1 − ρ2)

)
(D9)

123



Annals of Operations Research

where Tη and Tη+1 are the cumulative distribution function with the numbers of degrees of
freedom equal to η and eta +1 and T −1

η is the inverse of the cumulative distribution function.
Clayton copula. The Clayton copula is given by the following formula:

C(u, v; θ) = (u−θ + v−θ − 1
)−1/θ

(D10)

and its density function is equal to:

c(u, v; θ) = (1 + θ) (uv)−θ−1 (u−θ + v−θ − 1
)−2−1/θ

(D11)

The conditional copula with respect u is:

H(u, v; θ) = ∂C(u, v; θ)

∂u
= (u−θ + v−θ − 1

)−1/θ−1
u−θ−1 (D12)

Gumbel copula. The Gumbel copula is given by the following formula:

C(u, v; θ) = exp

{
− [(− ln u)θ + (− ln v)θ

] 1
θ

}
(D13)

Assuming ψ = [(− ln u)θ + (− ln v)θ
] 1

θ , its density function is equal to

c(u, v; θ) = (ψ + θ − 1)ψ1−2θ exp(−ψ)·
· (uv)(−1)(− ln u)(θ−1)(− ln v)(θ−1)

(D14)

The conditional copula with respect u is::

H(u, v; θ) = ∂C(u, v; θ)

∂u
= exp

(
− {(− ln u)θ + (− ln v)θ

} 1
θ

)

{
(− ln u)θ + (− ln v)θ

} 1
θ
−1

(− ln u)θ−1 1

u

(D15)

Plackett copula. The Plackett copula is given by the following formula:

C(u, v; θ) = 1 + (θ − 1)(u + v) −
√

[1 + (θ − 1)(u + v)]2 − 4θ(θ − 1)uv

2(θ − 1)
(D16)

for θ > 0. When θ = 1, then the Plackett copula corresponds to independence.
Its density function is equal to

c(u, v; θ) == θ [1 + (θ − 1)(u + v − 2uv)]
(
[1 + (θ − 1)(u + v)]2 − 4θ(θ − 1)uv

)3/2 (D17)

The conditional copula with respect u is:

H(u, v; θ) = ∂C(u, v; θ)

∂u
= 0.5 − 0.5 · 1 + (−θ − 1)v + (θ − 1)u√

(1 + (θ − 1)(v + u))2 − 4θ(θ − 1)vu
(D18)
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Frank copula. The Frank copula is given by the following formula:

C(u, v; θ) = −θ−1 ln

{
1 + (e−θu − 1)(e−θv − 1)

e−θ − 1

}
(D19)

with −∞ < θ < ∞. When θ = 0, then the Frank copula corresponds to independence. Its
density function is equal to

c(u, v; θ) = θeθ(u+v)
(
eθ − 1

)
[(

eθu − 1
) (

eθv − 1
)+ eθ − 1

]2 , θ 	= 0. (D20)

The conditional copula with respect u is:

H(u, v; θ) = ∂C(u, v; θ)

∂u
= e(−θu) · (e(−θv) − 1

)

e(−θ) − 1 + (e(−θv) − 1
) · (e(−θu) − 1

) (D21)

Symmetrised Joe-Clayton copula. The Symmetrised Joe-Clayton copula is a slight modi-
fication of the original Joe-Clayton copula (also known as BB7 copula) proposed by Patton
(2006b). It is given by the following formula:

C(u, v; τU , τ L) = 1 −
(

1 −
{
[1 − (1 − u)k]γ + [1 − (1 − v)k]−γ − 1

}− 1
γ

)− 1
k

(D22)

where k = 1
log2(2−τU )

, γ = − 1
log2(τ L )

and 0 < τU < 1, 0 < τ L < 1.

Its density function is equal to:

CS JC (u, v; τU , τ L ) = 0.5 · (CJC (u, v; τU , τ L) + CJC (1 − u, 1 − v; τ L , τU ) + u + v − 1)

(D23)

More information about Joe-Clayton copula can be found in Patton (2006b), Patton (2004)
and Patton (2006a).
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Appendix E: Country C-ER for disorderly transition, orderly transition
and hot house world scenarios

Fig. 10 Figures 10a, 10b and 10c report the C-ER for each country under orderly transition, orderly transition
and hot house world scenario, respectively. The country C-ER is the mean of individual C-ER weighted for
market capitalization. We have evidence of an increasing in volatility during Covid pandemic
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Appendix F: Country C-VAR for disorderly transition, orderly transition
and hot house world scenarios

Fig. 11 Figures 11a, 11b and 11c report the C-VAR for each country under disorderly transition, orderly
transition and hot house world scenario, respectively. Country C-VAR is computed as the median of individual
average metrics
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Appendix G: Country C-ES for disorderly transition, orderly transition
and hot house world scenarios

Fig. 12 Figures 12a, 12b and 12c report the C-ES for each country under orderly transition, orderly transition
and hot house world scenario, respectively. Country C-ES is computed as the median of individual average
metrics.
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