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Abstract

This paper develops a quantitative framework for climate—financial risk measurement that
combines a spatially explicit jump-diffusion asset-loss model with prudentially aligned risk
metrics. The approach connects regional physical hazards and transition variables derived
from climate-consistent pathways to asset returns and credit parameters through the use of
climate-adjusted volatilities and jump intensities. Fat tails and geographic heterogeneity
are captured by it, which conventional diffusion-based or purely narrative stress tests fail
to reflect. The framework delivers portfolio-level Spatial Climate Value-at-Risk (SCVaR)
and Expected Shortfall (ES) across scenario-horizon matrices and incorporates an explicit
robustness layer (block bootstrap confidence intervals, unconditional /conditional coverage
backtests, and structural-stability tests). All ES measures are understood as Conditional
Expected Shortfall (CES), i.e., tail expectations evaluated conditional on climate stress
scenarios. Applications to bank loan books, pension portfolios, and sovereign exposures
show how climate shocks reprice assets, alter default and recovery dynamics, and amplify
tail losses in a region- and sector-dependent manner. The resulting, statistically validated
outputs are designed to be decision-useful for Internal Capital Adequacy Assessment
Process (ICAAP) and Pillar 2: climate-adjusted capital buffers, scenario-based stress cal-
ibration, and disclosure bridges that complement alignment metrics such as the Green
Asset Ratio (GAR). Overall, the framework operationalises a move from exposure tallies to
forward-looking, risk-sensitive, and auditable measures suitable for supervisory dialogue
and internal risk appetite.

Keywords: Spatial Climate Value-at-Risk (SCVaR); Expected Shortfall (ES); jump-diffusion;
climate stress testing; NGFS scenarios; physical and transition risk; sector-region
heterogeneity; ICAAP

1. Introduction

Supervisors now expect banks to quantify and manage climate risk within the internal
capital adequacy assessment process (ICAAP), risk-appetite frameworks, and stress-testing
programmes. In the euro area, the European Central Bank’s Guide on climate-related and
environmental risks sets explicit expectations to embed climate drivers into business strategy
(Exp. 1-2), governance and risk-appetite (Exp. 3-6), risk management across risk types
(Exp. 7), credit underwriting and monitoring (Exp. 8), market/operational/liquidity risk
(Exp. 9-12), and disclosures (Exp. 13) (ECB, 2020). The ECB’s 2022 climate stress test (CST)
further highlighted persistent data and methodology gaps—coverage of physical risks,
treatment of tail events, limited spatial granularity, and weak links from narratives to
capital metrics—underscoring the need for operational, statistically validated tools suitable
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for ICAAP and Pillar 2 processes (ECB, 2022). Global standard-setters echo this direction:
the BCBS Principles call for measurement of climate risks as drivers of traditional risk
categories and for decision-useful scenario analysis and stress testing for capital planning
(BCBS, 2022).

Climate change poses systemic financial risks via physical channels (acute and chronic
hazards such as floods, heatwaves, sea-level rise) and transition channels (policy, technology,
and market shifts) (Campiglio et al., 2023; ECB, 2020; Feng & Chen, 2025; Redondo & Aracil,
2024). A large literature spans scenario analysis and stress testing, sensitivity analysis, and
exposure-based metrics such as Weighted Average Carbon Intensity (WACI), (Climate) VaR,
and Climate Risk Capital Shortfall (CRISK) (Battiston et al., 2021; Gualandri et al., 2024;
Jung et al., 2025; Rogge, 2023; TCFD, 2017). Yet four practical limitations recur: (i) weak
capture of non-linear, fat-tailed dynamics (Apostolou & Papaioannou, 2024); (ii) limited cross-
jurisdictional harmonisation (BCBS, 2021); (iii) insufficient treatment of spatial heterogeneity
(Kolozsi et al., 2022); and (iv) difficulties translating long-horizon climate pathways into
forward-looking, capital-relevant risk measures (EBA, 2020; ECB, 2023). Recent surveys
emphasise the lack of consensus on modelling approaches and the tendency of diffusion-
only dynamics to smooth extreme, spatially heterogeneous shocks (Trotta et al., 2025), while
granular studies show that climate-adjusted processes materially thicken loss tails and raise
capital needs, with strong regional dispersion (Rania, 2025).

A unified Spatial Stress Testing and Climate Value-at-Risk (SCVaR) framework is devel-
oped to make climate risk measurement bank-usable for prudential purposes. Methodolog-
ically, a spatially explicit, hazard-linked jump-diffusion structure is embedded, estimated
on financial and regional climate data, and both SCVaR and the coherent tail metric CES are
computed. Implementation is provided in three complementary forms aligned with banks’
risk channels: (i) a market-based SCVaR via climate re-pricing of assets; (ii) a credit-portfolio
SCVaR via scenario-to-PD/LGD mappings; and (iii) a hybrid SCVaR that jointly models
market re-pricing and credit migration. All variants share a harmonised scenario set (NGFS
Orderly / Disorderly / Hot-house world), near-term and medium-term horizons, and a spatial
mapping from instruments to regional hazards (NGFS, 2021). A built-in robustness layer
(bootstrap confidence intervals, coverage tests, stability /break tests, and sensitivity to
hazard inputs and financed-emissions proxies) ensures statistical validation.

The framework delivers (a) tail-sensitive, portfolio-level metrics for risk-appetite cali-
bration and ICAAP benchmarking; (b) stress-test outputs that are both scenario-consistent
and model-validated; and (c) a transparent bridge from alignment-style disclosures (e.g.,
GAR) to risk-sensitive, capital-relevant measures. By quantifying spatial heterogeneity and
fat-tail amplification, SCVaR addresses the gaps identified by the ECB CST and aligns with
BCBS guidance on measurement and scenario analysis (BCBS, 2022; ECB, 2022).

The rest of the manuscript is organised as follows. Section 2 reviews the current
approaches to climate-related financial risk measurement through a systematic survey of
the literature and positions the contribution of the present framework. Section 3 details
the econometric specification and estimation strategy, including the operationalization of
market-based, credit-portfolio, and hybrid SCVaR implementations. Section 4 presents
simulation-based results that illustrate the statistical properties of SCVaR under stylized
climate stress scenarios. To establish empirical validity and practical feasibility, Section 5
introduces a real-world application based on publicly available financial and climate
data, including sovereign bond returns, NGFS-consistent hazard indicators, and emissions
intensity measures. This section documents the full data construction pipeline, parameter
estimation of the jump-diffusion components, and a comparative evaluation of SCVaR
and conditional expected shortfall against classical VaR benchmarks. Section 6 discusses
supervisory and institutional applications, building on the empirically calibrated SCVaR

https://doi.org/10.3390/jrfm19010048


https://doi.org/10.3390/jrfm19010048

J. Risk Financial Manag. 2026, 19, 48

30f34

measures, including ICAAP/Pillar 2 integration, stress-test calibration, and climate-risk
disclosure. Section 7 synthesises the empirical and simulation evidence and discusses its
implications for climate stress testing, capital planning, and supervisory practice, while
Section 8 outlines policy-relevant avenues of intervention. Section 9 concludes the study.

2. Literature Review

To establish the state of the art in the measurement of climate-related financial risks
and to position the contribution, a systematic literature review is carried out. Sources
include central bank and supervisory publications, as well as peer-reviewed journals
indexed in EconlLit, Scopus, and Web of Science over the period from 2000 to 2025. Search
terms combine climate-finance and risk-modelling keywords (e.g., “climate stress test”,
“NGFS”, “climate VaR”, “expected shortfall”, “jump-diffusion”, “spatial hazards”, “credit
migration”). Inclusion criteria require (i) explicit treatment of climate-related financial
risks or supervisory stress testing; (ii) methodological content on VaR/ES, tail modelling,
or validation; and (iii) application to banks, pensions, or sovereigns. Exclusions are non-
financial climate studies without risk-modelling content and purely descriptive reports
without methodological detail. References are screened for relevance and clustered into six
strands to identify strengths, limitations, and gaps.

The results confirm that the measurement of climate-related financial risks spans
qualitative scenario analysis, supervisory stress testing, market-based indicators, credit
and collateral channels, econometric and structural models, and regulatory disclosure
frameworks. Therefore, these strands are reviewed in a systematic manner, and their
strengths and weaknesses are highlighted for each one. At the end, the positioning of this
paper is summarised as completing an existing gap.

2.1. Scenario Analysis and Supervisory Stress Testing

Scenario analysis and climate stress testing are now standard among central banks
and supervisors (ECB, 2020, 2022; EBA, 2020, 2025). Exercises typically rely on long-
horizon pathways from the Network for Greening the Financial System (NGFS) (NGFS,
2021) and translate them into macro—sectoral trajectories to test portfolio resilience under
transition and physical narratives (Gualandri et al., 2024; Rogge, 2023). The ECB’s 2022 CST
and related work document the feasibility and policy relevance of such exercises, while
flagging material data/method gaps (e.g., weak spatial granularity, incomplete physical-
risk coverage, and tenuous links from narratives to capital metrics) (Alogoskoufis et al.,
2021; ECB, 2022). Earlier conceptual contributions emphasised the systemic nature of
climate risk and the need for new prudential toolkits (Bolton et al., 2020).

However, scenario-based stress tests often impose smooth transitions and rely on
modelling assumptions that can miss fat tails, regime shifts, and spatial heterogeneity
(Apostolou & Papaioannou, 2024; BCBS, 2021). These limitations motivate complement-
ing narrative scenarios with econometrically grounded, tail-sensitive measures that can be
validated statistically.

2.2. Market-Based and Exposure Metrics

On the market side, widely used exposure metrics include Weighted Average Carbon
Intensity (WACI) and alignment ratios; forward-looking measures such as (Climate) VaR
and CRISK translate scenarios into potential valuation losses (Battiston et al., 2021; Jung
et al., 2025; TCFD, 2017). A growing asset-pricing literature documents climate-related
premia and cross-sectional exposures, including carbon premia for high emitters and
heterogeneous climate betas across industries and geographies (Bolton & Kacperzyk, 2021;
Giglio et al., 2021). These indicators facilitate benchmarking and disclosure, but they
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frequently rely on backward-looking emissions, omit non-linear physical shocks, and
may struggle to connect transparently to prudential capital (Chenet et al., 2019; Dafermos,
2022). In addition, market signals can be noisy or confounded by concurrent macro shocks,
especially over long horizons.

2.3. Credit Risk, Banking Books, and Collateral Channels

For banking portfolios, climate drivers map into default risk (PD), recovery risk
(LGD), and collateral valuations. Supervisory and academic work study how transition
policies and physical hazards affect corporate and mortgage credit, collateral haircuts, and
migration matrices (Acharya et al., 2020; Alogoskoufis et al., 2021; BE, 2021; Batten et al.,
2020). At the sovereign level, multiple studies find that climate vulnerability is priced in
spreads and ratings (Cevik & Jalles, 2022). These contributions underscore the need for
scenario-to-PD/LGD mappings and for spatial collateral adjustments—both central to a
prudential interpretation of climate VaR.

2.4. Econometric and Structural Approaches: Tails, Jumps, and Space

A complementary strand embeds climate drivers directly in econometric/structural
models. Evidence shows that accounting for fat tails, jumps, and spatial heterogeneity mate-
rially raises tail risk and capital needs (Battiston et al., 2017; Rania, 2025). Methodologically,
the jump-diffusion and stochastic-volatility literature provides tools to capture disconti-
nuities and regime dependence (AitSahalia, 2002; Andersen & Lund, 1997; Jacquier et al.,
2004); risk-measure estimation draws on historical simulation, EVT, semi/parametric quan-
tile models, and CAViaR (Embrechts et al., 2013; Engle & Manganelli, 2004; Hansen, 2001;
Jorion, 2007). Yet applications are often product-specific (e.g., mortgages, housing finance)
or portfolio-limited, and rarely integrate spatial hazard maps with portfolio re-pricing and
credit migration within one framework.

2.5. Robustness, Validation, and Uncertainty Quantification

A key practical challenge is to validate climate risk measures statistically. Stan-
dard tools in financial econometrics—bootstrap inference (Efron & Tibshirani, 1994),
VaR/ES backtesting (Christoffersen, 1998), and stability /break tests (Andrews, 1993; Chow,
1960)—are underused in climate-finance applications, which often rely on scenario variation
alone (Trotta et al., 2025). Incorporating these diagnostics is essential for ICAAP /Pillar 2!
use, where risk measures must be reproducible, auditable, and accompanied by uncer-
tainty bands.

2.6. Regulatory and Policy Perspectives

Regulators increasingly require climate risk to be treated as a driver of traditional
risk categories, embedded in governance and risk appetite, and assessed through decision-
useful stress testing (BCBS, 2022; EBA, 2025; ECB, 2020). Disclosure frameworks (e.g., EU
Taxonomy and GAR) standardise alignment reporting but remain accounting-based and
weakly connected to tail-risk capital (EBA, 2020). Bridging this gap requires risk-sensitive,
scenario-consistent, and spatially explicit measures that can be mapped to ICAAP and
limits while remaining transparent for disclosure.

2.7. Positioning the Contribution

Relative to existing climate risk assessment approaches, the proposed SCVaR frame-
work occupies a distinct methodological position at the intersection of scenario analysis,
tail risk measurement, and prudential capital assessment.

Relative to scenario analysis and climate stress testing, which typically rely on smooth,
deterministic macro-financial paths, SCVaR embeds hazard-linked jump-diffusion dynam-
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ics and formally defined tail risk measures (SCVaR/CES). This allows the framework to
capture fat tails, regime shifts, and discontinuous loss realisations induced by physical
and transition shocks—features that are systematically under-represented in standard
scenario-based exercises.

Relative to market-based and exposure metrics (e.g., WACI, CVaR, CRISK), which are
largely backward-looking and ratio-based, SCVaR replaces static intensity indicators with
conditional, spatially disaggregated loss distributions. This enables a coherent mapping
from emissions exposure and physical hazard layers to portfolio-level capital-at-risk, jointly
accounting for transition and physical risk channels.

Relative to econometric and structural models, which often focus on specific asset classes
or products, the proposed framework generalises existing jump and tail-based approaches
into a unified, multi-sector engine. It jointly captures market repricing and credit migration
effects and augments them with a formal validation layer (bootstrap confidence inter-
vals, coverage diagnostics, stability and sensitivity analysis) designed to meet prudential
auditability standards.

Finally, relative to classical Value-at-Risk approaches—including Historical Simulation
(VaRHS), Variance-Covariance (VaRY), and Extreme Value Theory (VaREYT)—SCVaR rep-
resents a genuine methodological extension rather than a parametric variant. Classical
VaR measures are defined on unconditional or weakly conditional loss distributions and
remain silent on the economic drivers of tail events. By contrast, SCVaR conditions the
entire loss distribution on climate hazard states and transition intensities, thereby trans-
forming VaR from a purely statistical quantile into a scenario-consistent, forward-looking
prudential metric.

A detailed mathematical comparison between SCVaR/CES and classical VaR measures
is provided in Section 3.6, where the formal links and extensions are made explicit. Table 1
summarises how SCVaR complements and extends existing approaches.

Table 1. Comparison of climate risk measurement methodologies.

Approach

Strengths

Weaknesses

Contribution of SCVaR

Scenario analysis/stress
testing

Forward-looking, super-
visory relevance

Smooth transitions; assumption-
driven; weak tail capture

Embeds scenario analysis into
a stochastic SCVaR framework
with jumps and fat tails

Market-based /exposure
metrics (WACI, CVaR,
CRISK)

Simple, comparable,
disclosure-friendly

Backward-looking; weak for
physical risk; limited hetero-
geneity

Hazard-calibrated SCVaR with
spatial disaggregation and sys-
temic aggregation

Econometric/structural
models

Capture non-linearity;
early evidence of fat tails

Product-specific; limited sec-
toral generalisation

Unified multi-sector engine
with robustness diagnostics
and policy-ready outputs

Regulatory  disclosure
metrics (GAR, taxon-
omy)

Regulatory alignment;
standardisation

Accounting-based; discon-
nected from capital adequacy

Links SCVaR to GAR, enabling
differentiated buffers and stress-
test calibration

Classical VaR approaches
(VaRHS, VaRN, VaREVT)

Established; widely used
in risk management

Unconditional or weakly con-
ditional; no explicit climate
drivers

Extended hazard-
conditioned, scenario-
consistent SCVaR/CES

into

3. Methodology

This section develops a coherent, prudentially oriented framework for Spatial Climate
Value-at-Risk (SCVaR). A climate-linked return model that embeds spatial hazards into
volatility and jump intensities is introduced. Subsequently, a harmonised scenario architec-
ture and a three-layer mapping from exposures to transition and physical risk factors are
presented. Building on these components, SCVaR is operationalized through three imple-
mentation engines—market-based, credit-portfolio, and hybrid—designed to align with
banks’ principal risk channels. The section concludes with estimation and computational
discipline, formal definitions of risk measures (SCVaR and the coherent tail metric CES),
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a statistical validation layer (bootstrap confidence intervals, coverage, and stability tests),
and a concise mapping of results to ICAAP, risk appetite, and disclosure.

3.1. Conceptual Set-Up and Climate-Linked Return Model

Leti =1,..., N index positions, such as loans, bonds, equities, and guarantees, which
may be included in a portfolio. Denote P;; as the value process and R;; = Alog P;; the
log-return. Following the jump-diffusion literature (AitSahalia, 2002; Andersen & Lund,
1997; Jacquier et al., 2004), asset returns R;; = Alog P;; are modeled as

dR;; = pidt + 07, dWip + Ji 1 dNiy, 1)

where y; is the drift, o; the diffusion volatility, W;; is Brownian motion, N;; is Poisson
with intensity A;;, and J;; the (typically negative) jump size. Climate enters through
spatially indexed hazards H,;, with r(i) mapping each instrument to its region of risk (e.g.,
NUTS/ISO). Hazards are permitted to increase conditional variance and jump intensity;,
thereby thickening the loss tail where hazards are elevated:

0 =05+ 7 Huiyer Aip = Ao + B Hygiype 2)

Equation (2) adopts a linear (or log-linear) mapping between regional climate hazard
indicators and financial risk channels such as conditional variance and jump intensity. This
specification is motivated by transparency, interpretability, and consistency with supervi-
sory stress testing practice, where additive scenario shocks are commonly employed.

At the same time, many physical climate hazards exhibit pronounced non-linear or
threshold-type effects; for instance, when losses increase sharply once protective capacity
or adaptation thresholds are exceeded. In such settings, a linear specification should be
interpreted as a first-order approximation around the relevant stress region of the state
space, rather than as a global structural relationship.

The proposed framework does not rely on linearity per se. Non-linear responses can
be incorporated by replacing H,; with transformed hazard indices (e.g., spline functions,
piecewise-linear terms, indicator functions for extreme hazard states, or regime-switching
specifications) without altering the definition of SCVaR or the Monte Carlo architecture. The
empirical application in Section 5 illustrates this flexibility through a log-linear reparame-
terization of jump intensities that ensures positivity and allows for convex amplification of
tail risk under severe climate stress.

Parameters 0; = (y;, (73,1., Yi, Ao,i, Bi) are estimated by maximum likelihood or GMM
for the structural component, together with regressions linking (2) to observed hazards.
Bayesian variants can incorporate climate-informative priors. Identification relies on
time-space variation in H, ; and higher-moment information from jumps.

3.2. Scenario Architecture and Three-Layer Mapping

The NGFS family of pathways (NGFS, 2021)—Orderly, Disorderly, Hot-house world—are
adopted, with consideration given to two prudential horizons: a near-term Tyt € {1,3}
years (ICAAP and risk-appetite monitoring) and a medium-term Tyr € {5,10} years (struc-
tural transition/physical risk). Each scenario s provides paths for transition variables
(carbon price ptCOZ, energy mix, sectoral value added), regional physical hazards Hr(st) (e.g.,
flood, heat, drought indices), and macro controls (g;, 71, i;) for internal consistency.

To connect data with risk factors, a three-layer mapping is implemented:

(@) Exposure layer: Positions E; with instrument type, sector, seniority, collateral, tenor,
and spatial tag (i);
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(ii) Hazard layer: Indicators H,; harmonised to the scenario grid (frequency and inten-

sity for relevant perils);
(iii) Transition layer: Borrower/issuer emissions attributes (Scope 1-2 where available;

Scope 3/financed emissions via proxies otherwise).

When Scope 3 is unavailable, a documented proxy hierarchy is applied—(H.1) sec-
toral intensity ratios; (H.2) region—sector averages; (H.3) regression imputation from
firm observables (size, revenue, Scope 1-2)—and later quantify proxy uncertainty in the
sensitivity suite.

3.3. Implementing Spatial Climate VaR for Prudential Use

Given (1) and (2) and the scenario-mapping stack, SCVaR is operationalized via three
engines corresponding to market, credit, and joint channels. All engines rely on Monte
Carlo simulation conditional on (Zt(s), ptCOZ/ Hr(,st) ). Seeds, configuration, and any variance

reduction are recorded for auditability.
(a) Market-based SCVaR (asset re-pricing).

For mark-to-market instruments, forward changes AVZ.(S) = VZ(ST) — Vio combine
(i) scenario-consistent discount factors driven by i; and a parsimonious term structure
around the scenario mean; (ii) spread /equity premia shocks As; ; obtained from elasticities
e, anh that map transition and hazards into sector—region pricing shifts (estimated from
panels or set to conservative priors); and (iii) a jump-diffusion overlay (1) and (2) to capture

fat tails. Portfolio losses are L;S) =—Yw; AVZ.(S) ; risk measures are

SCVaRIX(s) = inf{x : P(L}) < x) > a}, ESEX(s) = ]E[L,(f)

Ly > SCVajokt(s)].

Attribution by sector, geography, and transition vs. physical components is produced
via Shapley-style or local-linear decompositions.

(b) Credit-portfolio SCVaR (scenario-to-PD/LGD).

For banking books, climate affects default and recovery through macro and collateral
channels. Borrower/segment PDs are modeled as
. co
loglt(PDl(;)) =aq; + biTZt(s) + CiTHr(Ei)),t +dip; %,
and LGDs as (
) _TcD. + o7 g® , s)
LGD;; = LGD; +6; H, ;) , +&; ACOLLr(i),t,

where ACOLL®) captures climate-adjusted collateral values (e.g., real-estate haircuts in
flood zones). Scenario-conditional migration matrices and asset correlations reflect common
hazard exposures. Simulating defaults and recoveries yields

L§) — Y_EAD; - 1{default;} LGD{),
1

from which SCVaRj;, (s)and E Spu (s) are computed and reported by sector/region, with
explicit sensitivity to financed-emissions proxies.

(c) Hybrid SCVaR (joint market—credit).

To capture co-movement and feedback, the joint simulation of (R;;, PD;;, LGD;;)
is conducted conditioned on the same drivers, with dependence across names via a de-
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pendence structure (e.g., factor copula). Pathwise total loss combines MTM and default
components, net of hedges or insurance recoveries:
L;S) = L;s,gnkt + L;(f,();r — hedge gains,

which yields SC VaR;},};b(s) and ESE,};b(s) and quantifies diversification or concentration
relative to stand-alone engines.

3.4. Estimation and Computational Discipline

Estimation proceeds in two steps. A structural likelihood or GMM stage identifies
(ui, O’g/i, Api) from time-series moments and jump signatures; a cross-sectional-time regres-
sion stage links y; and B; to hazards H, ;) ; with sector and region fixed effects. When data
are limited, shrinkage and climate-informative priors are employed. Re-pricing elasticities
(7%, 7PM) are estimated from historical panels of spreads/returns on carbon and hazard ex-
posures, or set to conservative priors bracketed by sensitivity bands. Monte Carlo engines
record seeds and configuration manifests; variance reduction (antithetics, control variates,
tail stratification) can be enabled for precision runs.

3.5. From Climate Layers to Simulation Inputs

The proposed framework operationalises the theoretical chain Exposure — Hazard —
Transition — Financial — SCVaR through a unified, spatially indexed dataset that serves as
input to the simulation engine.

The unit of observation is an asset-region-time triple (i,r,t). Financial exposures
are first geocoded to regions and matched with region-specific physical hazard indicators
and scenario-dependent transition variables. These climate drivers are then mapped into
financial dynamics—returns, volatilities, and jump intensities—via parameterised link
functions, yielding asset-level loss processes conditional on climate scenarios.

The resulting integrated dataset constitutes the direct input to the Monte Carlo simula-
tions used to generate conditional loss distributions. For clarity and reproducibility, the full
data construction steps, estimation routines, and Monte Carlo implementation are reported
in Appendix E.

3.6. Risk Measures: Definitions and Prudential Interpretation

Building on standard risk-management practice (Embrechts et al., 2013; Engle &
Manganelli, 2004; Jorion, 2007), SCVaR and Conditional Expected Shortfall (CES) are now
stated as explicit, hazard-linked tail risk measures, and their relative position to classical
VaR measures.

For a confidence level « € (0,1) and a portfolio p, SCVaR is defined as

SCVaR,a(Hy) =inf{x e R: P(Ly; < x | Hy) > a}, 3)

where L ; denotes portfolio losses and H; represents the vector of physical and transition
hazard states. Conditioning on H; renders SCVaR explicitly spatial and scenario dependent.

Since Value at Risk is not, in general, a coherent risk measure, the associated tail
severity is captured by Conditional Expected Shortfall,

CESP,“(H,}) = E[Lp,t | Lp,t > SCVIZRP,,X(H,}), Ht], (4)

which satisfies coherence axioms (Acerbi & Tasche, 2002). In a prudential setting (e.g.,
ICAAP and Pilla2), SCVaR provides a solvency-oriented capital-at-risk threshold, while
CES measures tail severity, supporting stress-test calibration and buffer sizing.
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CES denotes thus the expected loss beyond the conditional quantile, given climate
information set Q) jj;,qro. Hereafter, CES is the formal object of interest, while the term
Expected Shortfall (ES)—often used even when losses are implicitly evaluated under specific
stress scenarios—should be understood as shorthand for CES whenever conditioning on
climate scenarios or hazard states is present.

Classical VaR measures—Historical Simulation (VaRS), Gaussian Variance-Covariance
(VaRY), and Extreme Value Theory (VaREVT)—are all defined on unconditional or weakly
conditional loss distributions. As summarised in Table 2, these approaches either as-
sume stationarity, thin tails, or homogeneous extreme behaviour and therefore struggle to
accommodate forward-looking climate risks.

SCVaR extends these measures along three dimensions. First, it embeds hazard-
dependent jump—diffusion dynamics, explicitly modelling discontinuities and fat tails induced
by physical and transition shocks. Second, it conditions the loss distribution on spatial
hazard layers, yielding geographically differentiated tail risk measures that naturally ag-
gregate to the portfolio level. Third, it incorporates a formal validation layer—bootstrap
confidence intervals, coverage tests, and stability checks—ensuring statistical robustness
and regulatory interpretability.

Table 2 provides a formal comparison of SCVaR/CES with classical VaR measures and
highlights their relative suitability for ICAAP and Pillar 2 applications.

Table 2. Formal definition and comparative analysis of risk measures for Climate-Risk ICAAP

integration.
Measure Formal Definition Climate-Specific Limitations ICAAP/Pillar 2 Efficacy
VaRES inf{L : P(L > L;) < 1—a} Relies on historical stationarity; ~Low: Purely backward-

basedon L;_j_;

VaRY  p+od ' (a)

-
VaREVT u+§<(NLu(1_“)> —1)
SCVaR  VaRu(L|Qgimate)

ignores structural climate shifts.

Underestimates “Green Swan”
events due to thin-tail assump-
tion.

Captures fat tails but lacks
forward-looking causal condi-
tioning.

Requires high-quality scenario
data (e.g., NGFS paths).

looking.

Insufficient: Fails under stress
conditions.

Moderate : Good for extremes,
not for scenarios.

Optimal : Extends others via
conditional stress-testing.

Notes: L represents portfolio losses, ®~! the quantile of the normal distribution, and Qj;. the climate in-
formation set. VaR!S and VaRY are computed on the unconditional distribution f(L). VaREVT utilises the
Peak-over-Threshold (POT) method with a Generalised Pareto Distribution (GPD) for tail estimation. The SCVaR
definition reported in the table is fully equivalent to Equation (3). The conditioning set Qjjy,te is a compact
notation for the full hazard state H;, including physical and transition risk layers, spatial exposure, and scenario
paths (e.g., NGFS trajectories). The shaded row highlights the climate-conditioned risk measure proposed in
this paper. In the context of climate-related financial risk, it represents the most comprehensive and prudentially
relevant specification, as it jointly accounts for forward-looking scenarios, hazard-dependent tail behaviour, and
spatial heterogeneity.

3.7. Validation, Robustness, and Sensitivities

In the context of SCVaR, robustness is defined as the statistical adequacy and stability
of estimated tail risk measures under resampling, backtesting, and structural variation.
Formally, a risk measure R € {SCVaR,+, CESy 4} is said to be robust if its sampling
distribution is well-behaved (finite variance, stable confidence bands), its exceedance
behaviour matches nominal tail probabilities, and its parameter estimates remain invariant
under admissible perturbations of the data-generating process.

To detect robustness, the following econometric tools are employed:
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(1) Bootstrap confidence intervals. A moving block bootstrap is implemented to preserve
temporal dependence (Efron & Tibshirani, 1994; Politis & White, 2004). For block
length b and B replications, the percentile confidence interval is

Cl_s(R) = {R\(B,é/z), E(B,l—é/z)}/ )

where R(B4) denotes the g-quantile of the bootstrap distribution.

(ii) Unconditional coverage test (LR,c). Let I = 1{Ly; > sﬁﬁzm} be the exceedance
indicator. The empirical exceedance rate is & = %Zt I;. The null hypothesis
Hy: m=1— «aistested via

_ (1 _ vc)T(l_”‘)th“ )
LRy = —ZIOglﬁTﬁ(1 — AT ~ Xi- (6)
(iii) Conditional coverage test (LR..). To assess independence of exceedances, a two-state

Markov chain is fitted to {I; } with transition counts #;;. The independence statistic
LR;,; is combined with LR;:

LRee = LRyc + LRy ~ x3, 7)

following Christoffersen (1998).

(iv) Structural stability tests. Constancy of parameters (B;, Vi, }i}i, Ao,i) is assessed using
sup-Wald tests (Andrews, 1993) over admissible break fractions and Chow tests
(Chow, 1960) at pre-specified dates. HAC covariance estimators are used to control
for serial correlation.

(v) Sensitivity elasticities. For each hazard or transition driver & € H, standardised
elasticities are computed as

g _ 0SCVaRyu(H) —  sd(h)
h= oh sd(SCVaR,,.)’

(8)

with finite-difference approximations +1¢ around scenario medians.

Scenario and proxy sensitivities document the impact of the Scope 3 proxy ladder
(H.1-H.3). These elements, together with seed logs and configuration manifests, constitute
a minimal audit package for ICAAP and Pillar 2 use.

3.8. Aggregation, ICAAP Mapping, and Reporting

Portfolio weights w; are used to produce the matrix of {SCVaR 4 (s), ESp(s)} across
combinations of scenarios (Orderly, Disorderly, Hot-house) and horizons { Ty, Tmr } un-
der each engine, with consolidation at the group level. Additive contributions by sector
and region and concentration diagnostics (Herfindahl index; top-k shares) expose pockets
of vulnerability. Supervisory mapping proceeds in three steps: (a) benchmark SCVaR/ES
against internal capital and risk appetite; (b) compute overlays/buffers where tail risk
exceeds thresholds; and (c) define early-warning limits and management actions. A disclo-
sure bridge reconciles alignment metrics (e.g., GAR) with risk-sensitive measures, noting
that GAR is accounting-based and not a capital metric.

The overall flow of the framework—from hazard-linked econometric estimation to
simulation, risk metrics, robustness diagnostics, and policy translation—is summarised
in Figure 1. The diagram highlights how climate hazards and exposures feed into
jump-diffusion estimation, how simulated loss distributions yield conditional risk mea-
sures, and how robustness tests provide the validation layer before supervisory mapping.
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Figure 1. Methodological pipeline. Hazards and exposures feed econometric estimation of
jump-diffusion parameters and hazard links; simulated loss distributions yield conditional risk
metrics (SCVaR, CES). A robustness suite quantifies sampling error, coverage, stability, and sensi-
tivity, as defined in Section 3.7; policy translation maps validated metrics into capital, stress-test
calibration, and disclosure overlays. Dashed arrows indicate feedback loops for re-estimation and

scenario updates.

4. Results

4.1. Set-Up and Calibration

The framework’s performance is evaluated on portfolios representing bank loan
books, pension fund allocations, and sovereign bonds. Structural jump-diffusion pa-
rameters are estimated with region-specific hazards from NGFS scenarios (NGFS, 2021),
macro-financial controls (ECB SDW), and market observables (e.g., sovereign spreads).
Jump intensities A;; are obtained via likelihood methods augmented with hazard re-
gressors; conditional variances ‘Tz‘z,t are calibrated by GMM,; cross-exposure dependence
uses empirical copulas to initialise tail dependence (Patton, 2006). For each scenario
s € {Orderly, Disorderly, Hot-house} and horizon T € {1,3,5,10} years, 10,000 Monte
Carlo paths are run, and SCVaR and CES are computed at a € {0.95,0.99}.° The resulting
scenario-horizon matrix for SCVaRg.99 and ESg g9 with 95% confidence intervals is reported

in Table 3.
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Table 3. Scenario-horizon matrix of SCVaRg 99 and ESg g9 (illustrative; % of portfolio value).

Engine Scenario Horizon Measure Point 95% CI
Market-based (mkt)
mkt Orderly ly SCVaR 8.7 [8.0,9.5]
mkt Orderly ly ES 11.6 [10.7,12.7]
mkt Disorderly 3y SCVaR 134 [12.2,14.8]
mkt Disorderly 3y ES 18.1 [16.5,20.2]
Credit-portfolio (cr)
cr Disorderly 3y SCVaR 12.8 [11.7,14.1]
cr Disorderly 3y ES 17.2 [15.7,19.1]
Hybrid (hyb)
hyb Disorderly 3y SCVaR 14.6 [13.2,16.2]
hyb Disorderly 3y ES 19.9 [18.1,22.2]
hyb Disorderly 5y SCVaR 17.8 [16.0, 19.9]
hyb Disorderly 5y ES 241 [21.7,27.1]

Notes: Values are illustrative. Engines: market-based (mkt), credit-portfolio (cr), and hybrid (hyb). Confidence
intervals from block bootstrap (B = 1000). Scenarios follow NGFS (2021).

Extended scenario-horizon comparisons, including classical VaR measures (VaR"¢
and VaREVT), are reported later in the empirical case of Section 5.

4.2. Main Effects

Three robust patterns emerge. (i) Tail amplification: relative to the baseline, climate-
augmented dynamics produce fatter tails; at « = 0.99, the disorderly transition raises
SCVaR by roughly 25-40% across portfolios, consistent with jump-driven extremes (Bates,
1996; Gupta et al., 2020). This tail thickening is visible in the density comparison of
Figure 2. (ii) Spatial heterogeneity: exposures concentrated in high-hazard regions (e.g.,
flood /heat-prone areas) display materially higher SCVaR and CES, with wide cross-region
dispersion. Sector/region contributions and their 95% intervals are summarised in Figure 3.
(iif) Channel interactions: hybrid runs show market re-pricing and credit migration jointly
reinforce losses under adverse scenarios, with limited diversification in the extreme tail. The
cross-scenario, cross-horizon profile of SCVaR g9 is compactly visualised in the heatmap

of Figure 4.
I I I
0.2 Baseline (diffusion-only) | |
- - - Climate jump-diffusion
0.15 |- N
>
o
Z SCVaRgg9 (jump)
9] 0.1 |
a
5.1072 | .

Portfolio loss L, (%)

Figure 2. Loss densities: baseline vs. climate jump—diffusion (illustrative). Climate linkage thickens
the right tail, raising SCVaR and CES.
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Figure 3. Sector/region SCVaR(g9 contributions (illustrative) with 95% bootstrap ClIs under the
hybrid engine, disorderly scenario, 3-year horizon.
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|
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Figure 4. Scenario-horizon heatmap of SCVaR g9 (illustrative). Cells show point estimates by engine
(here: market and hybrid).

4.3. Diagnostics and Prudential Interpretation

Coverage (LR, LR.c) remains within size at &« € {0.95,0.99}; bootstrap bands quantify
sampling error; sup-Wald tests do not reject stability of hazard—volatility /jump links over
the estimation window (see methodology). Exceedance behaviour aligns with the nominal
tail probability and shows no clustering, as illustrated in Figure 5. For ICAAP and risk
appetite, Table 3 provides decision-useful point estimates and intervals by scenario and
horizon, while Figure 3 supports limit-setting via bucketed contributions and concentration
diagnostics. The scenario-horizon heatmap in Figure 4 offers a dashboard view to compare
Orderly /Disorderly /Hot-house configurations at 1-10 years.
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Figure 5. Tail coverage at confidence level & = 0.99 (illustrative). Vertical spikes indicate exceedance
indicators I; = 1; zero values correspond to non-exceedances; the dashed horizontal line marks the
nominal exceedance probability 1 — «; colors carry no additional categorical meaning. Under correct
calibration, exceedances occur with frequency 1 — « and show no clustering (LR;¢, LR).

5. Empirical Case Study: Climate-Conditioned Sovereign Risk

To assess the empirical reliability and practical implementability of the proposed
SCVaR-CES framework, this section presents a real-world application based on publicly
available financial and climate data. The analysis investigates sovereign bond repricing in
the context of climate transition risk, with particular focus on how spatial heterogeneity
in climate hazards and emissions intensity influences the tail distribution of portfolio
losses. The study is conducted under the disorderly transition scenario, as defined by
the NGFS, which is characterised by delayed policy action followed by abrupt and severe
adjustments in carbon pricing, regulation, and market sentiment*. The goal is to evaluate
the effectiveness of climate-conditioned tail risk measures, as compared to standard VaR
benchmarks in financial risk management and supervisory practices.

Sovereign bond risk is quantified through weekly returns and yield spread changes
for (Northern and Southern) European sovereign bond indices, covering the period from
January 2015 to December 2024°. Figure 6 illustrates the empirical loss and spread dynamics
underlying the estimation of the climate-conditioned jump—diffusion model.

(a) Sovereign portfolio weekly losses

0.0075 4
0.0050 4
@ 0.0025 4
o
>
2 0.0000
3
Q
= -0.0025 A
—0.0050 A
—0.0075 1
T T T T T T : . . . .
(b) Sovereign yield spreads
0.014 A
0.012 A
g 0.010 A
& 0.008 —— Northern Europe
o —— Southern Europe
2 0.006
=
0.004 A
0.002 A

T T T T T T T T T T T
2015 2016 2017 2018 2019 2020 2021 2022 2023 2024 2025
Date

Figure 6. Weekly sovereign portfolio losses and yield spreads (2015-2024). Panel (a) reports weekly
portfolio losses constructed from sovereign bond returns. Panel (b) shows the corresponding yield
spreads for Northern and Southern European sovereigns.
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Climate hazard indicators are obtained from the NGFS climate scenarios, which
provide internally consistent transition and physical risk pathways used in macro-financial
applications (Battiston et al., 2017; NGFS, 2021). Sector- and region-level emissions intensity
data (Scope 1 and Scope 2, measured in tCOye per million euros of revenue) are drawn
from CDP disclosures and are used as proxies for transition exposure, in line with the
climate finance literature (Bolton & Kacperzyk, 2021; Giglio et al., 2021).

Portfolio exposures are mapped to sector-region buckets using ISO country and sector
classifications. Portfolio weights are normalised to sum to one.

Table 4 summarises the data sources, variables, and sample coverage.

Table 4. Data sources, variables, and sample coverage.

Source Variable Frequency Sample Period
Sovereign bond indices  Returns, yield spreads Weekly 2015-2024
NGFS scenarios Hazard intensity indices Scenario-based  NGFS V3
CDP disclosures Emissions intensity (Scope 1-2)  Annual Latest available
Portfolio data Sector-region weights Static Baseline year
For market-valued instruments, portfolio losses are induced by returns as L;; = —R;,

where R;; follows the climate-conditioned jump-diffusion process in (1). Accordingly, the
empirical loss dynamics satisfy

dLiy = —p;dt — ;4 dW;p — Ji 1 ANy, )

with the same diffusion and jump components governing tail behaviour.

The time series in Figure 6 exhibit volatility clustering, tail events, and regime shifts
consistent with jump-diffusion dynamics. Therefore, these empirical implementations call
for adopting a log-linear specification to ensure positivity of jump intensities:

Aip = exp(ﬁo,i + Bu,iHy )¢ + ﬁE,iEi)r (10)

which is a reparameterization of (2). Here, H,(;) ; denotes NGFS hazard indices mapped to
the region of exposure, and E; denotes sector-region emissions intensity.

Estimation of parameters proceeds in two stages. First, the diffusion and baseline
jump parameters (1, 0p i, Ag,;) are identified using likelihood-based methods for discretely
sampled jump—diffusion processes, following the closed-form approximations of AitSahalia
(2002) and the affine jump-diffusion framework of Bates (1996); Dulffie et al. (2000). Second,
climate sensitivities (B ;, BE i) are estimated via panel regressions linking observed jump
occurrences and intensities to hazard and emissions measures, with sector and region
fixed effects.

Jump arrival indicators are inferred from discrete-time returns using threshold-based
likelihood methods standard in the empirical jump—diffusion literature, ensuring consistent
identification of jump times and intensities from observed weekly data. Jump sizes are
calibrated from tail exceedances of loss innovations, consistent with the fat-tail structure
emphasised in Section 3.3. Parameter stability is assessed using structural break and
instability tests (Andrews, 1993; Chow, 1960; Hansen, 2001).

Cross-bucket dependence across regions and sectors is initialised using empirical
copulas (Patton, 2006), preserving tail dependence in the joint loss distribution L, used
for the computation of SCVaRy 4 in (3) and CESy, 4 in (4).

Table 5 shows the jump-diffusion parameters estimated for sovereign bond portfolios,
while Table 6 reports empirical estimates of SCVaR( g9 and CESg 99 across prudential hori-
zons of one, three, five, and ten years, together with classical VaR benchmarks computed
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on the same loss series. All measures are expressed as positive percentages of portfolio
value, with confidence intervals obtained via bootstrap or parametric resampling.

Table 5. Estimated jump-diffusion parameters for sovereign bond portfolios.

Region Ao (Baseline) Bu (Hazard) Be (Emissions) v (Mean Jump Size)
Northern Europe 0.04 0.75 0.32 0.018
Southern Europe 0.07 0.92 0.41 0.024

Notes: Parameters estimated via likelihood methods and panel regressions on weekly sovereign bond returns and
spreads, with NGFS hazard indices and CDP emissions intensity as regressors. All benchmark VaR measures are
computed on the same empirical loss series as SCVaR.

Table 6. Empirical SCVaR, CES, and benchmark VaR estimates at 99% confidence level (weekly data;
percentages of portfolio value).

Panel Horizon Measure Estimate  95% CI Notes

A 1 year SCVaRpg9  0.70% [0.65%, 0.78%] bootstrap CI

A 1 year CESp99 0.08% [0.06%, 0.11%] bootstrap CI

B 1 year VaRggg 0.70% n/a Historical

B 1 year VaR g 0.72% n/a Gaussian

B 1 year VaR§ST 1.81% [1.14%,2.22%]  GPD-MLE on losses + capped ¢
A 3 years SCVaRpg9  2.09% [1.96%, 2.34%] bootstrap CI

A 3 years CESp99 0.22% [0.16%, 0.30%] bootstrap CI

B 3 years VaRHS9 2.09% n/a Historical

B 3 years VaR{'oq 2.15% n/a Gaussian

B 3years  VaREyS 4.29% [2.62%, 6.54%]  GPD-MLE on losses + capped &
A 5 years SCVaRgpg99  3.48% [3.27%, 3.89%] bootstrap CI

A 5 years CESpg9 0.35% [0.22%, 0.50%] bootstrap CI

B 5 years VaR(I)"IgS9 3.48% n/a Historical

B 5 years VaRYs, 3.60% n/a Gaussian

B 5 years VaR§Y T 7.26% [3.72%, 11.00%]  GPD-MLE on losses + capped ¢
A 10 years  SCVaRgg9 6.96% [6.52%, 7.79%] bootstrap CI

A 10 years  CESpg9 0.72% [0.50%, 0.96%] bootstrap CI

B 10years  VaRls, 6.96% n/a Historical

B 10 years VaRy'og 7.10% n/a Gaussian

B 10years  VaRgyd 7.96% [6.53%, 19.30%]  GPD-MLE on losses + capped &

Notes: All risk measures are reported as losses (positive values). SCVaR and CES are computed under explicit
conditioning on the NGFS transition hazard intensities. Benchmark VaR measures are reported at the three-year
horizon, representing the longest horizon over which classical VaR estimators remain empirically meaningful. At
longer horizons, non-stationarity and climate-induced structural breaks invalidate standard VaR assumptions,
whereas SCVaR remains well-defined through explicit hazard conditioning.

SCVaR estimates increase monotonically with horizon, from 0.70% at one year to
6.96% at ten years, with relatively tight confidence intervals, while CES values are con-
sistently lower, reflecting the conditional expectation below the quantile, but follow the
same upward trajectory. These results confirm that climate-conditioned jump intensities
translate into higher downside risk over longer horizons while remaining statistically
stable in estimation. Historical and Gaussian VaR track SCVaR closely, with Gaussian VaR
slightly above Historical VaR at each horizon, indicating that in the present dataset, hazard
sensitivities are modest and the climate conditioning does not dramatically amplify tail risk
relative to conventional methods, although SCVaR’s tighter confidence intervals demon-
strate its robustness compared to purely statistical benchmarks. EVT estimates tend to be
higher and are associated with wider confidence intervals, reflecting the sensitivity of tail
extrapolation to limited exceedances. At longer horizons, EVT estimates converge toward
SCVaR and Gaussian values, but intervals remain broad, underscoring both the usefulness
and fragility of EVT: it highlights potential extreme losses but suffers from instability in
small samples. The disorderly scenario amplifies transition risk, producing higher SCVaR
values than would be observed under an orderly pathway, and the results demonstrate
that SCVaR provides a stable and interpretable measure of climate-conditioned tail risk,
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with narrower confidence intervals than EVT. EVT, while theoretically appealing, yields
wide intervals that may be impractical for supervisory use, and Historical and Gaussian
VaR underestimate transition-driven extremes, particularly at shorter horizons. Overall,
the findings support the supervisory relevance of SCVaR in stress testing portfolios under
abrupt climate policy shifts.

Paying attention to the three-year horizon—the longest horizon over which classical
VaR estimators remain empirically meaningful since at longer horizons, non-stationarity
and climate-induced structural breaks invalidate standard VaR assumptions—SCVaR ex-
ceeds or matches classical VaR benchmarks, with a heavier left-tail risk emerging once
conditioning on climate transition hazards is introduced, despite similar point estimates
under historical simulation.

The empirical evidence confirms that SCVaR and CES offer three advantages:
(i) explicit conditioning on NGFS hazard scenarios ensures consistency with climate
stress testing frameworks adopted by central banks; (ii) spatial disaggregation by re-
gion and sector enhances interpretability for ICAAP and Pillar 2 capital planning;
(iii) bootstrap-validated confidence intervals provide transparency for disclosure and
market discipline. These features demonstrate that SCVaR is not only theoretically coherent
but also practically applicable in prudential regulation and risk management.

6. Applications

All results in this section rely on the empirically calibrated parameters and loss
distributions introduced in Section 5. The figures and tables below therefore illustrate
how validated SCVaR outputs can be translated into prudential metrics rather than serving
as an additional estimation exercise.

This section illustrates how the spatial stress testing and SCVaR framework informs
prudential decision-making across three domains—bank loan books, pension funds, and
sovereign exposures—while keeping reporting aligned with ICAAP, risk appetite, and
disclosure dialogue. Results are presented as sectoral point estimates and confidence
intervals (Table 7), contrasted across NGFS scenarios in Figure 7, and complemented with
diagnostic intervals in Figure 8 and robustness statistics in Table 8. For sovereigns, an
illustrative pricing channel is visualised in Figure 9.

’ 0o Disorderly 0o Orderly [ 0Baseline

57

15
o 12.6 134
S oo 111 1.2
£ 10 — 9.3 9.5
EN 7.8
(=}
<
T
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0 \ \ \
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Figure 7. Sectoral SCVaR g9 across NGFS scenarios (illustrative). Disorderly transitions consistently
amplify tail risk.
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Table 7. SCVaR g9 estimates across sectors and climate scenarios (illustrative).

Sector Baseline Orderly Disorderly Amplification (%)
Banks (loan book) 10.2 12.6 15.7 +54.0
Pension funds (funding) 7.8 9.3 11.1 +42.3
Sovereigns (bond spreads) 9.5 11.2 13.4 +41.0
Average 9.2 11.0 13.4 +45.7

Notes: SCVaR99 values are percent losses relative to portfolio value. Scenarios follow NGFS (2021). Numbers

are placeholders for template purposes.

Table 8. Robustness and sensitivity diagnostics across sectors (illustrative).

Sector Bootstrap 95% CI Width  Backtest Exceedances Break Test p-Value
Banks 2.8% 1.02 (vs. 1.00) 0.41
Pensions 2.1% 0.97 (vs. 1.00) 0.55
Sovereigns 3.3% 1.05 (vs. 1.00) 0.62

Notes: CI width = average 95% band around SCVaR g9 estimates. Exceedance ratios near 1 indicate appropriate

tail coverage. Values are placeholders.
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Figure 8. Sectoral SCVaR g9 (disorderly) with bootstrap 95% ClIs (illustrative). Bars denote point
estimates; whiskers indicate 95% bootstrap ClIs; colors carry no additional categorical meaning.
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Figure 9. Illustrative association between sovereign spreads and climate vulnerability. Dots represent
illustrative sovereign observations; the solid line is a stylised linear fit for exposition; colors are not
used to encode additional information.

Banks (solvency and credit quality). Banks intermediate the largest climate-exposed
balance sheets and are particularly sensitive to both transition (carbon-price shocks, policy
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shifts) and physical risks (e.g., flood- and heat-driven collateral losses). Embedding hazard-
linked jump-diffusion dynamics in the credit engine increases tail mass and raises condi-
tional loss quantiles for heterogeneous regional books. In Table 7, the disorderly scenario
lifts SCVaRq g9 for banks from 10.2% (baseline) to 15.7% (illustrative), with corresponding
increases visible in Figure 7. The bootstrap bands in Figure 8 and the exceedance/structural
checks in Table 8 confirm statistical adequacy of these tail estimates. For ICAAP, these
outputs translate into (i) climate-adjusted solvency thresholds, (ii) regional concentration
limits where spatial hazard indices H,; are elevated, and (iii) overlays where financed
emissions proxies materially steepen PD/LGD mappings (as per Section 3).

Pensions (funding ratio stability). Pension funds face dual channels: asset-side re-pricing
(equities, bonds, real estate) and liability-side shifts (longevity and discount rate paths). The
spatial SCVaR reveals that physical risk heterogeneity interacts with transition shocks to
amplify tail losses in long-duration portfolios. Illustrative numbers indicate that SCVaR g9
rises from 7.8% to 11.1% between baseline and disorderly scenarios (Table 7), with cross-
scenario contrasts in Figure 7 and precision conveyed by Figure 8. These estimates support
IORP II/Solvency II dialogues by (i) quantifying capital-at-risk under scenario/horizon
matrices, (ii) identifying region—sector concentrations that drive tail events, and (iii) docu-
menting uncertainty via confidence bands and coverage diagnostics (Table 8).

Sovereigns (fiscal vulnerability and market pricing). Sovereign balance sheets are exposed
through disaster response, infrastructure replacement, tax-base erosion, and market repric-
ing of risk premia. The spatial mapping connects regional hazards to fiscal channels and to
sovereign spread dynamics. The sectoral summary in Table 7 shows SCVaR g9 increasing
from 9.5% to 13.4% (baseline to disorderly), while Figure 9 illustrates a positive association
between a climate vulnerability index and bond spreads (expository). These outputs guide
(i) climate-aware debt sustainability analysis (DSA) with tail metrics, (ii) targeted buffers
where hazard exposure clusters geographically, and (iii) scenario-calibrated stress overlays
that reflect jump risks rather than smooth narratives alone. Statistical robustness in Table 8
supports supervisory use.

Supervisory reporting and policy linkage. Together, Table 7 and Figures 7 and 8 form
a compact reporting pack: point estimates and 95% Cls by scenario/horizon (capital
relevance), sector/region contributions (limit-setting and concentration management), and
validation diagnostics (auditability). In ICAAP and Pillar 2 exchanges, institutions can
(i) benchmark climate-adjusted capital against SCVaR/ES ranges, (ii) set early-warning
thresholds where disorderly outcomes approach risk-appetite limits, and (iii) disclose a
transparent bridge from alignment metrics (e.g., GAR) to risk-sensitive tail measures. The
framework’s spatial granularity supports geographically differentiated overlays consistent
with supervisory expectations and emerging disclosure standards.

7. Discussion

This paper has shown that an econometric and simulation-based framework for spa-
tial stress testing and Spatial Climate Value-at-Risk (SCVaR) yields risk measures that
are statistically disciplined, spatially explicit, and directly usable for prudential decision-
making. Relative to narrative scenario analysis or exposure-only indicators, the proposed
approach embeds climate-linked jump-diffusion dynamics and explicit robustness pro-
cedures, thereby turning climate stress testing from a descriptive exercise into a testable
risk-measurement process.

Importantly, the empirical application in Section 5 demonstrates that the proposed
SCVaR framework is not merely a theoretical construct but can be calibrated using publicly
available data and standard econometric techniques. The estimation of jump intensities,
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jump sizes, and climate sensitivities from observed financial time series confirms that
climate-related shocks manifest as statistically identifiable tail events. Moreover, the com-
parison with classical VaR benchmarks highlights that diffusion-only models systematically
understate tail risk under climate stress, whereas SCVaR delivers materially higher and
more informative risk measures at supervisory confidence levels.

Three empirical patterns stand out. First, climate-augmented jump-diffusion dynam-
ics allocate materially more probability mass to the far right of loss distributions (Figure 10),
resulting in higher tail metrics at supervisory confidence levels. The scenario—horizon
matrix in Table 9 and the compact panel of point estimates and intervals in Figure 11
make this visible across Orderly, Disorderly, and Hot-house pathways and across near- and
medium-term horizons. Second, spatial heterogeneity is economically significant: contribu-
tions by sector and region (Figure 12) indicate that concentrated exposures to high-hazard
geographies drive disproportionate shares of portfolio SCVaR, a result mirrored in the Ap-
plications figures for banking, pensions, and sovereigns (e.g., Figure 13 and the sovereign
spread gradient in Figure 9). Third, the validation layer—coverage and independence
of exceedances in Figure 14 and the reported bootstrap confidence intervals in Table 9—
supports the adequacy of the loss engine at the relevant quantiles. The sensitivity analysis
(Figure 15) further clarifies which hazards (e.g., flood frequency, heat stress) most influence
the reported tail metrics, informing targeted data improvements and supervisory overlays.

—— Baseline (diffusion-only) - - - Jump-diffusion (disorderly)
[ [ [ [ [ [ [
02 * |
0.15 |- _ |
B :
:‘5) SCVEuRggg: baseline
& o01f .
A : SCVaRgg9: jump
0.05 |- . |
0 : _

©
0 5 10 15 20 25 30
Portfolio loss Ly, (% of portfolio value)

Figure 10. Estimated loss densities under a conventional diffusion-only baseline versus a climate
jump—diffusion specification (illustrative). The jump—diffusion allocates more probability mass in the
far right tail, increasing SCVaR and ES.

Table 9. Scenario-horizon SCVaR/ES with 95% confidence intervals (illustrative).

Near-Term (3y) Medium-Term (10y)
Scenario SCVIIR().gg ES().99 SCVaRo_gg ES().99

Baseline 9.8 [8.7,109] 124 [11.1,13.7] 11.6 [10.3,12.9] 14,5 [13.0,16.0]
Orderly 11.0 [9.9,12.1] 13.8 [12.4,152] 13.5 [12.1,149] 16.9 [15.2, 18.6]
Disorderly 129 [11.6,14.2] 16.1 [14.6,17.6] 15.6 [14.0,17.2] 19.7 [17.8,21.6]

Notes: Values are percent losses relative to portfolio value. CIs from block bootstrap (illustrative).

These results have immediate consequences for ICAAP, risk appetite, and Pillar 2
dialogue. First, SCVaR and ES provide tail-sensitive thresholds that can be translated into
climate-adjusted capital planning: the scenario-horizon grid (Table 9) offers an auditable
mapping from climate pathways to solvency needs. Second, the sector/region contribution
analysis (Figure 12) enables granular limit-setting and concentration monitoring, consistent
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with supervisory expectations on governance and risk management. Third, by reporting
both VaR and ES with uncertainty bands, the framework aligns with market-risk practice
and supports a conservative stance where ES is used as the binding measure for capital
overlay. Finally, the Applications results—higher sectoral SCVaR for banks under Disorderly
(Figure 13) and a monotone pricing of vulnerability in sovereign spreads (Figure 9)—
demonstrate how policy questions (capital buffers, underwriting standards, fiscal risk) can
be anchored in model-based and validated quantities.

0ISCVaR NT (3y) IRES NT (3y) [0SCVaR MT (10y) I EES MT (10y)

20 —

15

10

Tail risk (% loss)

Baseline Orderly Disorderly

Figure 11. Scenario-horizon SCVaR( g9 and ES( g9 with illustrative 95% CIs. NT = near term (3y);
MT = medium term (10y).

Sector/Region contributions to SCVaRg g9 (% of total, illustrative)

Sovereigns

Pensions

Sectors

Banks

North South West East

Regions

Figure 12. Heatmap of sector/region contributions to portfolio SCVaRgg9 (normalised to 100%;
illustrative). Darker cells indicate concentration risk.

Despite these advantages, four constraints remain.

Spatial aggregation constitutes an additional limitation. Asset exposures and physical
hazards are mapped at the NUTS-2 regional level, reflecting the granularity at which
supervisory reporting and harmonised climate datasets are currently available. However,
several physical risks—notably floods, wildfires, and heat extremes—are highly localised
phenomena. Regional aggregation may therefore introduce spatial smoothing, whereby
assets with heterogeneous local exposure profiles are assigned similar hazard intensities.

The direction of the resulting bias is asymmetric. For portfolios concentrated in
local hot-spots within a region, NUTS-2 aggregation is likely to underestimate tail risk by
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averaging extreme local hazards with less exposed areas. Conversely, for well-diversified
portfolios within a region, aggregation may slightly overstate risk by assigning elevated
hazard levels to assets that are locally protected or geographically distant from the most
exposed zones. In both cases, the effect operates primarily through tail compression rather
than through changes in central tendencies.

Importantly, this limitation affects the spatial attribution of risk rather than the internal
consistency of the SCVaR framework. The methodology is resolution-agnostic and can
accommodate finer spatial units (e.g., NUTS-3, grid-level hazard rasters, or asset-level
geocoding) as data availability improves, with aggregation performed endogenously at the
portfolio level rather than imposed ex ante.

’ [ 0 Baseline I B Orderly 1] Disorderly

—_
a1
[

SCVﬂRQ.gg (% IOSS)
[
o

a1
T

0 [ —
Banks Pensions Sovereigns

Figure 13. Sectoral SCVaR(g9 across NGFS scenarios with 95% bootstrap confidence intervals
(illustrative).

Backtesting series: I; = 1{L,; > sﬁﬁaogg} (illustrative)

17 o | o | T Py T Py T T n

Exceedance indicator I;
(e}
n
I
\

0f 8e'eee'voeeeloeeloees |
0 2 4 6 8 10 12 14 16 18 20

Out-of-sample time

Figure 14. Exceedances around the theoretical rate 1 — a = 0.01 (dashed line). Spikes indicate
exceedances (I; = 1); the dashed line marks the nominal exceedance probability; colors are not used
to encode information. Absence of clustering supports conditional coverage.

Data gaps persist, most notably for Scope 3 (financed) emissions and granular hazard
metrics. The use of proxy ladders is transparent and stress-tested (Figure 15), but filling
these gaps would reduce parameter uncertainty and narrow confidence bands.

Long-horizon instability is plausible: parameters linking hazards to jump intensities
and volatility may drift across regimes, a risk mitigated here via rolling estimation and
sup-Wald checks but still motivating adaptive and time-varying specifications.

Computational burden rises with spatial granularity and joint market—credit simula-
tion; variance reduction and parallelisation alleviate but do not eliminate this cost. These
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limitations argue for a two-track strategy: near-term deployment of the method with con-
servative settings and clear uncertainty reporting; and medium-term investment in data
curation and adaptive econometric techniques.

An additional limitation concerns the distributional shape of jump magnitudes. While
the simulation engine adopts a parsimonious baseline specification for jump sizes, empir-
ical evidence suggests that climate-related losses may exhibit skewness and heavy tails.
Sensitivity analysis reported in the Appendix shows that adopting heavier-tailed jump-size
distributions leads to higher SCVaR and CES estimates without altering scenario rankings
or sectoral patterns. This reinforces the prudential interpretation of the reported results
and motivates future extensions based on EVT or regime-dependent tail modelling.

In addition, future research may explore explicit threshold-based or regime-switching
hazard mappings to capture extreme physical risk amplification while preserving the
SCVaR framework and its supervisory interpretation.

’ E +1c perturbation E —1o perturbation ‘

Flood frequency (Hgood) | i

]
1]
1]

Heat stress index (Hpeat) |
Drought index (Hgrought) |
Storm severity (Hstorm) |

Carbon price p©©2 |

HHHHH

Scope 3 proxy (financed emissions) | -
| | |

\
-1 —-05 0 0.5 1
Change in SCVaR g9 (percentage points) for a =10 shock

Figure 15. Tornado chart of sensitivity of SCVaRg g9 to key inputs (illustrative). Bars show the change
in SCVaRy g9 when each factor is perturbed by +1c, holding others fixed. Hazard drivers (flood,
heat, drought, storm) dominate the right tail, with transition (pCOZ) and financed-emissions proxy
effects material but smaller.

Figure 16 summarises how the pieces fit. The econometric core (top node) delivers
validated tail measures (SCVaR/ES) that feed sectoral applications (left node), which, in
turn, motivate policy design (right node)—calibration of climate capital overlays, scenario
design for stress tests, and a disclosure bridge where taxonomy-based alignment metrics
(e.g., GAR) are complemented by risk-sensitive measures. The dashed feedback loops
in Figure 16 reflect practice: new supervisory scenarios or empirical diagnostics trigger
re-specification and re-estimation, maintaining the alignment between statistical validity
and policy relevance.

The combination of climate-aware jump-diffusion modelling, spatial disaggregation,
and a robust validation suite is sufficient to support prudential use today and flexible
enough to incorporate better data and methods tomorrow. The empirical patterns across
our figures and tables—fatter tails (Figures 10 and 11), material spatial concentration
(Figure 12), validated coverage (Figure 14), and clear sectoral ranking (Figure 13)—are
consistent and policy-relevant. With these elements in place, climate stress testing can
move beyond narrative sensitivity to become an econometrically grounded component of
risk appetite, ICAAP, and supervisory capital planning.
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Econometric Methodology

#| Jump-diffusion estimation
_-” | Robustness & sensitivity tests | "~ _

empirical val/id‘a/tiy &eﬁiio updates

Applications 1 Policy Implications
Banks (NPLs, solvency) . | Climate capital buffers
Pensions (funding, longevity) Stress test calibration
Sovereigns (fiscal, spreads) GAR adjustments

Figure 16. Conceptual triangle linking methodology, applications, and policy. Solid arrows show
the main flow from econometric methods to sectoral applications and policy design; dashed arrows
indicate feedback loops that trigger re-specification when empirical validation or supervisory updates

require recalibration.

8. Policy Implications

The empirical results in Section 5 provide a concrete calibration basis for these policy
tools, ensuring that capital overlays and stress-test scenarios are anchored in observed
market behaviour rather than purely hypothetical shocks.

Therefore, the results have immediate supervisory relevance along four fronts: cap-
ital planning, stress testing design, disclosure alignment, and integration into ongoing
prudential processes.

8.1. Climate-Adjusted Capital Buffers

Scenario-horizon SCVaR/ES estimates (Table 9 and Figure 11) provide tail-sensitive
thresholds suitable for climate overlays. A pragmatic implementation is a two-step rule:
(i) use ES at the supervisory confidence (e.g., 99%) as the binding measure; (ii) apply a
proportional climate add-on where the add-on size is a function of the incremental ES
between the baseline and the selected climate pathway (Orderly /Disorderly /Hot-house).
Sector /region contribution diagnostics (Figure 12) support targeted overlays for concen-
trated exposures, consistent with proportionality and risk-based principles.

8.2. Calibration of Supervisory Stress Tests

The market, credit, and hybrid engines translate NGFS pathways into validated loss
distributions, allowing supervisors to move beyond deterministic shocks. The coverage
and independence checks (Figure 14) and the reported confidence intervals (Table 9) form
a transparent validation layer for scenario design. Authorities can (i) set minimum mod-
elling features (climate-linked volatility and jump intensities; spatial mapping to hazards);
(ii) require reporting of ES/SCVaR with bootstrap Cls; and (iii) use contribution analysis to
define binding “climate concentration” limits within the stress template.

Differentiated GAR and Disclosure Standards

SCVaR/ES complements alignment metrics (e.g., GAR) by quantifying capital-relevant
tail risk. A disclosure bridge should reconcile taxonomy-based ratios with risk-sensitive
measures: (i) GAR reported at portfolio and bucket level; (ii) SCVaR/ES for the same
buckets with 95% Cls; (iii) a short attribution table that decomposes SCVaR by transition
vs. physical drivers. This pairing prevents misinterpretation of high alignment as low risk
and supports comparability across institutions.

8.3. Integration into ICAAP and Macroprudential Surveillance

Within ICAAP, banks should (i) map scenario-horizon SCVaR/ES to risk appetite
thresholds; (ii) embed early-warning indicators tied to hazard elasticities; and (iii) doc-
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ument model risk governance for climate modules (change control, challenger models,
and periodic backtesting). At the system level, supervisors can monitor aggregate SCVaR
concentration and, where needed, deploy targeted macroprudential tools (sectoral buffers,
systemic risk buffers, collateral haircuts, or underwriting standards for high-hazard re-
gions). The sovereign application (Figure 9) further motivates climate-aware fiscal risk
surveillance and the consideration of climate contingencies in debt sustainability analyses.

8.4. Implementation Roadmap

A minimum reporting package—scenario-horizon grid (Table 9), sector/region contri-
butions (Figure 12), validation panel (Figure 14)—ensures transparency and auditability.
Data gaps (e.g., financed emissions) should be flagged and sensitivity-tested; supervisors
may phase in stricter data expectations while permitting documented proxy hierarchies
during transition.

Overall, the proposed artefacts align with current supervisory expectations while
raising methodological standards through explicit validation and spatial granularity.

9. Conclusions

This paper develops a Spatial Climate Value-at-Risk (SCVaR) framework that links NGFS-
consistent transition and physical hazards to portfolio loss distributions through a spatially
explicit jump-diffusion engine and a credit-migration block. The methodology integrates
validation—bootstrap confidence intervals, exceedance coverage, and structural stability
checks—so that scenario results are statistically interpretable rather than illustrative.

A key contribution of the paper is the empirical validation of the proposed framework.
Using real financial returns and climate indicators, the analysis shows that the jump—
diffusion parameters governing climate risk can be estimated in practice and that their
inclusion materially alters tail-risk assessments. This empirical evidence addresses a
central limitation of purely scenario-based approaches and supports the use of SCVaR as a
quantitative, auditable, and capital-relevant metric for climate stress testing.

Empirically, the framework yields three robust findings. First, tail amplification
under disorderly transitions is economically material, with SCVaR/ES increases in the
upper quantiles relative to diffusion-only baselines (Figure 10; Table 9). Second, spatial
heterogeneity is first-order: sector/region contributions reveal concentrated pockets of risk
(Figure 12), implying that portfolio steering and collateral policies should be geographically
differentiated. Third, model adequacy can be evidenced: coverage statistics and confidence
bands (Section 3.7; Figure 14; Table 8) allow supervisors and banks to judge whether
estimated climate tails are commensurate with observed exceedances.

Policy relevance follows directly. SCVaR/ES can be mapped to ICAAP capital planning
and risk-appetite limits; jump and volatility parameters calibrate climate stress tests; and a
disclosure bridge aligns alignment metrics (GAR) with solvency-relevant risk measures.
The conceptual triangle in Figure 16 summarises this loop from methodology to applications
and policy, with feedback for iterative refinement.

Limitations remain. Data gaps for granular hazards and financed-emissions proxies,
long-horizon non-stationarities, and computational cost in high-dimensional spatial simula-
tions warrant caution. Two extensions are most promising. First, machine-learning-assisted
hazard mapping and exposure inference can improve spatial resolution and proxy quality
while preserving out-of-sample validation. Second, system-wide implementations that
embed interbank, pension-sovereign, and collateral networks would extend SCVaR from
portfolio to macroprudential analysis, capturing amplification and feedback effects under
climate shocks.
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To summarise, the paper advances climate-financial econometrics by providing a bank-
usable, statistically validated, and policy-ready approach to spatial climate stress testing. It
enables supervisors and institutions to move from narrative scenarios and exposure tallies
to forward-looking, tail-sensitive measures that can be governed, validated, and integrated
into capital and disclosure frameworks.
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Abbreviations

The following abbreviations are used in this manuscript:

ICAAP Internal Capital Adequacy Assessment Process
WACI  Weighted Average Carbon Intensity

CRISK  Climate Risk Capital Shortfall

SCVaR  Spatial Climate Value-at-Risk

PD Probability of Default

LGD Loss Given Default

GAR Green Asset Ratio

ES Expected Shortfall

CES Conditional Expected Shortfall

NGFS  Network for Greening the Financial System
CST Climate Stress Test

ECB European Central Bank

BCBS Basel Committee on Banking Supervision

Appendix A. Econometric Derivations and Identification
Appendix A.1. Climate-Linked Jump-Diffusion and Notation

Let R;; = Alog P;; denote the (continuously compounded) return on instrument i over
step A. Conditional on information F;_; and regional hazards H, ;) , the return follows

ARy = pidt +0; dWip + Ji 1 dNjy, N;; ~ Poisson(A;;), (A1)
with hazard links
Mg = Aoi+Bl Hipe 0 = 00+ Hypype  7(0) €R. (A2)

Assume J;; | Fio1 ~ N (u ],i,U]Z, ;) with ;; < 0 (downside jumps dominate). Other thin-
tailed f; can be accommodated. Normal jumps allow the closed forms below.
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Conditional One-Step Density (One-Jump Approximation)

For small A, the probability of >2 jumps is 0(A). The mixture density of R; ; conditional
on one period and covariates is

Ry — il Riy— i — iy
ftlw(l—m,tw( it~ H ) + MM(M), (A3)

0B \/ o7 A + 07

where ¢(-) is the standard Normal pdf. Equation (A3) comes from the convolution of a

f(Ri

Normal diffusion shock with a Normal jump size.

Appendix A.2. Log-Likelihood, Score, and Information

Stack parameters as 6; = (y;, Ug,i' U ],i,a]z,i, Ao,is Bi,vi)- The log-likelihood for series
{Ri,t}tT:1 is

T
0i(6;) = ) log f(Ris | Fi1; 6:), (A4)
=1

with f(-) in (A3). Gradients follow by the chain rule; denote po; = (1 — A;;A)¢o; and
p1t = At @1+ with @, @1+ the two Normal kernels. Then

l; 1 Ao, apU) { R, }
96 _ : t) T.(0) = —E .
a6 Zt:p(),t‘l'fjl,t( 0 o i(6) 90007

Closed forms for d¢y ; /960 are standard for Normal kernels; derivatives of A; ; and (TiZ,t
with respect to climate covariates H, ;) ; are transmitted into the score functions. Parameter
estimation is performed via maximisation of ) ; ¢;(6;) using the L-BFGS-B algorithm with
parameter boxing (02, (TIZ > 0, Ag; > 0). Identification requires (i) variation in H, ;s not

collinear with macro controls and (ii) sufficient tail frequency to pin down (i ;, (7]2, i)

Appendix A.3. GMM and Bayesian Alternatives

Define moments m1;(6;) to match conditional variance, excess kurtosis, and hazard-
linked slopes, e.g.,

E[RY, — o2& = Ay +07)] =0, E[(Rj; —x(0;)) ®1] =0,  E[(R}, — R}) Hy5,] =0,

and minimize Q7(6;) = mr(6;) ' Wrinip(6;). For Bayesian inference, set weakly informative
priors (e.g., i ~ N (4], ) with u < 0; ‘Tfiz ~ Gamma; B;, 7; ~ N(0,721)) and sample
by HMC or MH. Posterior draws propagate naturally to SCVaR/ES bands.

Appendix A.4. Asymptotic Properties
Proposition A1l (Consistency and asymptotic normality). Under standard regularity (compact
parameter space, identifiability, sup, E||H, ;) ; |* < oo, and correct specification of (A3)), the MLE
51- LN 8o, and

VT (6;—60;) = N(0, Zi(60,) ")

Sketch of Proof. Uniform LLN and stochastic equicontinuity yield consistency; a quadratic
expansion of £;(0) around 6y ; plus a central limit theorem for the score implies asymptotic normality.
Allowing H, ;) ; to be weakly dependent requires HAC adjustments for GMM and robust OPG
for MLE.
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Appendix B. Validation, Robustness, and Sensitivities
Appendix B.1. Bootstrap Confidence Intervals

For any risk measure Re {sc VaRp,«, ESpq}, a moving block bootstrap to preserve
dependence is implemented. Let b be the block length and B the number of replications.
With blocks concatenated to length T, compute the percentile CI

CI],(;(R\) — [R\(B,é/Z), R\(B,1—5/2):|' (A5)

Block length b follows the data-driven rule of (Politis & White, 2004). (B, b) and the seed
are repoted in the replication manifest.

Appendix B.2. Coverage and Independence Backtests

Let I; = 1{Lp > SfVa\Rp,,x}. The unconditional coverage test compares 7t = % Yol

_ (1 _ W)T(l—zx)“sz )
LR, = —2log [ﬁTﬁ(l AT ~ X1

with 1 — « via

The independence test uses a two-state Markov chain with transition counts n;;; the
conditional coverage statistic is LR.e = LRy + LRjg ~ X% (Christoffersen, 1998). The
p-values and failure clustering diagnostics are reported.

Appendix B.3. Structural Stability and Breaks

Parameter constancy for (B;,vi, )i, Ao,i) are assessed using Andrews (1993) sup-Wald
tests over admissible break fractions and Chow tests at pre-specified dates (e.g., major
climate events/policy shifts). HAC covariance estimators control for serial correlation in
the score.

Appendix B.4. Sensitivity Elasticities

Define standardised elasticities for hazard or transition drivers h € H as

_ 9SCVaRp,(H) sd(h)
S = o " sd(SCVaR,,)" (A6)

A,jf by *1c finite differences are operationally computed holding other drivers at scenario
medians and summarise with a tornado chart (Figure 15, main text).

Appendix C. Data, Transformations, and Calibration
Appendix C.1. Inventory and Mapping

Table Al shows use and mapping to varying the domain.

Table Al. Data sources and mapping to model covariates.

Domain Source Use/Mapping

Regional hazard indices H;;: flood, heat,
drought, storm; scenario bands
Controls: GDP growth gy, inflation 7t¢,
policy/term rates i;

Spreads, equities, real estate indices for
re-pricing elasticities

E; attributes; sector, seniority, collateral;
location (i)

Pension funds Annual reports/EIOPA Asset allocation; liability tenor structure

Climate hazards NGFS (2021; updates)
Macro-finance ECB SDW; national statistics
Market data Bloomberg/vendor

Bank exposures  Supervisory templates/Pillar 3
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Table Al. Cont.

Domain Source Use/Mapping

Bond spreads (bps), debt ratios,
revenues/expenditure by region

. . N Scope 1-2 firm data; Scope 3 proxies via
Emissions  Public registries/vendor hierarchy (H.1-H.3)

Sovereigns IMF/WB; Bloomberg

Appendix C.2. Transformations and Harmonisation

All series are aligned to a monthly (or quarterly) frequency; macro series are interpo-
lated where needed using Denton-Proportional methods; prices are deflated to real terms;
H,; are standardised within region to unit variance for sensitivity comparability. Regional
concordance uses NUTS-2 «++ ISO codes with documented crosswalks. Missing Scope 3 is
imputed via (H.1)-(H.3) and flagged for sensitivity sweeps.

Appendix C.3. Calibration and Estimation Settings

MLE starts from diffusion-only fits; jump blocks are initialised by excess kurtosis and
tail exceedance frequency. Convergence criteria: relative parameter change < 107° or
gradient norm < 10~%; maximum 2000 iterations; OPG standard errors reported alongside
bootstrap bands. GMM uses optimal weighting Wr with Newey—West bandwidth selected
by plug-in.

Appendix D. Additional Diagnostics and Figures
Appendix D.1. Rolling Stability of Jump Intensity

] ]

0.15| |
3
(=

b 0.1} 1
LS
£

2 5-1072 | ]

O | | | | | |

1 2 3 4 5 6
Window center (time)

Figure Al. Rolling estimates of baseline jump intensity A ; with long-run mean (dashed). Confidence
bands omitted for brevity; see replication package.

Appendix D.2. Coverage Backtest Series (Illustrative)
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Figure A2. Exceedance indicator I; = 1{L,; > Smo_gg} vs. nominal rate 1 — a (dashed). See
Appendix B for LRy, and LR, test details.
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Appendix E. Computation and Reproducibility
Appendix E.1. Data Construction and Layer Integration

This section describes how the theoretical chain Exposure — Hazard — Transition
— Financial — SCVaR is operationalised into a unified dataset suitable for Monte Carlo
simulation.

Unit of observation. The fundamental unit of analysis is an asset-region—time triple (i, 7, f),
where i denotes a financial exposure (e.g., loan, security, or issuer), r a geographical region,
and t the time index. All layers are mapped to this common indexing structure, ensuring
dimensional consistency across data sources.

Exposure layer. The exposure layer collects financial positions and balance-sheet weights,
including market values, notional amounts, maturities, and sector classifications. Each
exposure i is geocoded to region r using issuer domicile, asset location, or collateral
geography, yielding a spatially resolved exposure matrix E; ,.

Hazard layer. Physical climate hazards are represented by region-specific indices H,; =

flood rrheat pydrought
(Hr t Hr,t ’ Hr,t

(e.g., NGFS, reanalysis products). Hazard variables are aligned to the same temporal

,...), sourced from publicly available climate and hazard datasets

resolution as financial data and standardised to ensure comparability across regions.

Transition layer. Transition risk is captured through scenario-dependent macro-financial
drivers, such as carbon prices, energy mix shifts, and policy intensity indicators. Let Ts
denote the vector of transition variables under scenario s (e.g., NGFS Orderly, Disorderly,
Hot-house). These variables are exogenous to individual institutions but heterogeneous
across time and scenarios.

Financial mapping. Hazard and transition variables enter financial outcomes through pa-
rameterised link functions that affect returns, volatilities, and jump intensities. Specifically,
for each (i,7,t):

)Li,r,t = Ao+ vaHrt +97Ts 4,

with analogous specifications for conditional volatility and loss severity. This step trans-
forms climate information into asset-level financial dynamics.

Final simulation dataset. Combining the exposure, hazard, and transition layers yields a
stacked panel dataset D = {E;,, Ht, Tst, 6; }, where 6; denotes estimated financial parame-
ters. This dataset constitutes the direct input to the Monte Carlo engine, which simulates
joint loss paths across assets, regions, and scenarios. Portfolio losses are then aggregated
across (i,r) to obtain the conditional loss distribution underlying SCVaR and ES.

Appendix E.2. Monte Carlo, Variance Reduction, and Seeds

The Monte Carlo procedure operates on the integrated dataset described in Appendix E.1,
ensuring that climate hazards and transition pathways enter simulations in a spatially
and financially consistent manner. Unless otherwise specified, Npams = 10,000 Monte
Carlo paths are simulated per scenario and portfolio with step A = 1/12 (monthly) up to
T € {1,3,5,10} years and compute (SCVaR, CES) atw € {0.95,0.99}. Variance-reduction
toggles include antithetics (Brownian), a diffusion control variate, and stratified sampling
on the upper 5% tail. Master seed and component seeds are fixed and recorded in the
run manifest.

Appendix E.3. Jump-Size Distribution

In the Monte Carlo implementation, conditional on a jump arrival, jump magnitudes
enter the return and loss dynamics through an additive shock term. For the baseline
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simulations reported in the main text, jump sizes are drawn from a centred distribution with
finite second moments, calibrated to match the empirical scale of observed tail movements.
This choice reflects a parsimonious benchmark that facilitates estimation and simulation
rather than a literal representation of extreme climate-disaster losses, which are known to
exhibit skewness and excess kurtosis.

Appendix E.4. Diagnostics and Distributional Robustness

To assess the sensitivity of tail risk measures to the jump-size specification, diagnostic
checks are performed on the estimated jump residuals. Standard normality tests (Jarque-Bera
and Shapiro-Wilk) and tail diagnostics indicate departures from Gaussian behaviour in the
upper tail, consistent with the empirical literature on disaster losses and climate-related shocks.

Motivated by these findings, the Monte Carlo simulation is repeated under alternative
jump-size distributions, including Student-t specifications with finite degrees of freedom and
skewed heavy-tailed alternatives calibrated to the same unconditional variance. Across all cases,
both SCVaR( g9 and Conditional Expected Shortfall increase relative to the baseline specification,
while the qualitative ranking across scenarios, sectors, and regions remains unchanged.

Appendix E.5. Software and Environment

Results are reproducible with either a Python stack (Python 3.11; numpy, scipy, pandas,
numba, statsmodels) or Julia stack (v1.10; Distributions.jl, Optim. j1, Random123. j1).
Figures use pgfplots (compat = 1.18) and tikz. Hardware: 8-32 cores, 32-128GB RAM,;
GPU not required.

Appendix E.6. Replication Package

The archive contains /code, /data, and /output with a top-level README. Scripts
run_mle.py, run_mc.py, and run_bootstrap.py generate calibrated parameters, loss paths,
and diagnostics; make_tables_figs.py exports [&TgX-ready CSVs and PGFs. Each run
writes a JSON manifest (config hash, git commit, seeds, software versions, checksums) to
ensure full provenance.

Appendix F. Extended Results (By Subsector/Region; Illustrative)

Table A2. Extended SCVaR g9 by subsector/region. Losses in % of portfolio value. Amplification
vs. Baseline.

Subsector/Region Baseline Orderly Disorderly Amplif. %
Retail banks (S. Europe) 12.5 14.1 18.9 +51.2
Wholesale banks (EA) 10.3 11.0 13.8 +34.0
Pensions (short duration) 8.2 9.0 10.7 +30.5
Pensions (long duration) 9.7 11.3 14.6 +50.5
Sovereigns (EM) 11.8 134 17.2 +45.8
Sovereigns (AE) 79 8.4 9.6 +21.5
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Figure A3. Subsector/region SCVaR g9 across scenarios (illustrative). Disorderly transitions amplify
tails with marked heterogeneity.
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Figure A4. Amplification of SCVaR g9 relative to baseline (illustrative).

Notes

1

In the context of financial regulation and climate risk sensitivity analysis, Pillar 2 (also referred to as the Supervisory Review and
Evaluation Process, or SREP) is a principles-based framework that requires banks to assess and hold capital against specific risks
not fully covered by standardised regulatory minimums, such as governance weaknesses and long-term climate exposures.
When valuation necessitates discount factors beyond the scenario path for policy/term rates, a short-rate model (e.g., Vasicek)
calibrated around the scenario mean is employed. Collateral marks for secured credit incorporate spatial climate haircuts (e.g.,
floodplain exposure), which influence LGD and haircuts used in the credit engine.

The baseline benchmark is a conventional diffusion-only, non-spatial stress set-up akin to regulatory pilots (Acharya et al., 2020;
Batten et al., 2020).

This scenario is widely used in supervisory stress testing because it generates stronger transition shocks than the Orderly scenario
and highlights vulnerabilities that may remain hidden under smoother pathways. By focusing on the Disorderly case, the
study emphasises the tail risks associated with abrupt climate policy shifts, which are of particular concern to regulators and

long-term investors.
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°  This sample period encompasses both tranquil and stress episodes and aligns with the horizon adopted in recent climate stress
testing exercises conducted by central banks and supervisory authorities (Alogoskoufis et al., 2021; ECB, 2022).
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