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Abstract

This paper examines whether climate, geopolitical and economic policy uncertainty indices improve
Value-at-Risk (VaR) and Expected Shortfall (ES) forecasts for green and brown stocks. We extend the
Realized-ES-CAViaR framework by incorporating physical and transition climate risk, geopolitical
risk and economic policy uncertainty indices alongside a high-low range volatility estimator. Using
daily data for the iShares Global Clean Energy ETF (ICLN) and the iShares Global Energy ETF (IXC)
over the period January 2012 - December 2024, we evaluate alternative model specifications at the 1%
and 2.5% risk levels through backtesting procedures, strictly consistent scoring rules and the Model
Confidence Set methodology. Results reveal a pronounced asymmetry in the predictive content of risk
indices across asset classes and quantile levels. Transition climate risk dominates tail-risk forecasting at
the 1% level for both asset classes, while geopolitical risk and economic policy uncertainty emerge as
the leading factors at the 2.5% level for green and brown stocks, respectively. These findings highlight
the heterogeneous channels through which uncertainty shocks propagate into financial tail-risk, with
direct implications for risk management and regulatory oversight during the low-carbon transition.

Keywords: value-at-risk; expected shortfall; realized ES-CAViaR; climate risk; geopolitical risk;
economic policy uncertainty; green and brown assets; tail-risk forecasting

1. Introduction

The global transition towards a low-carbon economy is reshaping the risk structure of financial
markets. Climate change, environmental regulation and technological innovation related to decar-
bonization have led to new and interacting sources of uncertainty that affect firms and investors in
heterogeneous ways. These factors are particularly relevant for assets sensitive to climate transition
risks, which are jointly influenced by policy developments, geopolitical events and macroeconomic
conditions. Consequently, understanding how climate transition dynamics propagate into financial
risk has become a key concern for both investors and regulators.

An important implication of the climate transition is the growing heterogeneity between environ-
mentally sustainable (“green”) assets and fossil-fuel-intensive (“brown”) assets. Green firms and clean
energy investments are generally expected to benefit from decarbonization policies and technological
innovation, while brown assets face increasing exposure to regulatory tightening, stranded asset risk
and changes in investor preferences. A growing empirical literature documents that climate-related
shocks affect these two groups asymmetrically, with important consequences for returns and volatility
(Ardia et al. 2023; Bolton and Kacperczyk 2021; Pastor et al. 2022). However, these effects may manifest
differently in the tails of the return distribution, which capture extreme losses.

The measurement of extreme financial losses is a central concern for risk management, regulatory
supervision and portfolio allocation. Since the global financial crisis, Value-at-Risk (VaR) and Expected
Shortfall (ES) have become core metrics for quantifying tail-risk, with ES now playing a key role in reg-
ulatory capital requirements under the Basel III framework (Basel Committee on Banking Supervision
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2017). Despite their widespread adoption, the accurate forecasting of VaR and ES remains challenging,
particularly during periods of high uncertainty and structural change, when the distribution of asset
returns may deviate substantially from standard modeling assumptions.

Recent advances in econometric modeling have addressed these challenges by developing a
coherent framework that jointly models VaR and ES. The ES-CAViaR class of models represents a
significant step in this direction, allowing for semi-parametric estimation of tail-risk while ensuring
consistency between the two risk measures (Taylor 2019). To further enhance the ability of these models
to capture changing market conditions, recent extensions incorporate realized volatility measures
derived from high-frequency data, providing additional information about volatility dynamics and
improving the accuracy of tail-risk forecasts (Peiris et al. 2024; Wang et al. 2023).

Despite their widespread use, traditional VaR and ES forecasting models often fail to capture the
full complexity of tail-risk dynamics, particularly during periods of heightened market stress. A grow-
ing body of research provides evidence that external risk factors, including measures of uncertainty,
sentiment and macroeconomic conditions, contain valuable predictive information that can substan-
tially enhance volatility and tail-risk forecasts (Jiang et al. 2025; Leirvik 2025; Li et al. 2023; Naimoli
2023). This recognition has spurred interest in developing models that systematically incorporate such
information while maintaining the flexibility to adapt to time-varying market conditions.

Among the various sources of risk that may drive extreme market movements, three factors have
recently gained particular prominence: climate risk, geopolitical risk and economic policy uncertainty.
Each of these factors operates through distinct channels and may affect different segments of financial
markets with varying intensity.

Climate risk is commonly decomposed into physical and transition components. Physical risk
arises from extreme weather events and long-term climatic changes, while transition risk reflects the
economic and financial consequences of moving towards a low-carbon economy (Campiglio et al. 2023).
Recent developments in text-based analysis have enabled the construction of high-frequency indicators
that capture innovations in these two dimensions. Bua et al. (2024) propose the daily Physical Risk (PRI)
and Transition Risk (TRI) indices based on Reuters news, providing timely measures of climate risk
shocks relevant for financial markets. Several studies emphasize the role of climate policy uncertainty
in the dynamics of returns and volatility across green and brown assets (see, e.g., Bouri et al. 2022,
2023; Sarker et al. 2023, among others).

Geopolitical risk constitutes a second critical dimension of risk with profound implications for
volatility and tail-risk forecasting. Caldara and lacoviello (2022) define geopolitical risk as threats,
realizations and escalations of adverse events associated with wars, terrorism and interstate tensions
that disrupt international relations. The Geopolitical Risk (GPR) index, constructed through automated
text analysis of major international newspapers, captures the intensity of geopolitical tensions in real
time. Geopolitical uncertainty has intensified in recent years, from the US-China trade war (2018-2020)
to Russia’s invasion of Ukraine (February 2022) and the Israel-Hamas conflict (October 2023), affecting
energy supply chains, commodity prices and financial markets (De Luca et al. 2025; Hu and Borjigin
2024; Sweidan 2021; Zaremba et al. 2022).

In addition, economic policy uncertainty (EPU) represents a further source of macro-financial
risk, reflecting uncertainty surrounding government policy actions. This channel is particularly
relevant in a context where climate and energy policies play a central role in shaping economic
outcomes. Baker et al. (2016) introduce a widely used EPU index based on newspaper coverage that
captures uncertainty related to economic policy decisions. A large body of literature shows that policy
uncertainty significantly affects stock returns, risk premia, investment decisions and market volatility
(Chen et al. 2021; Pastor and Veronesi 2013; Xu et al. 2021). Empirical evidence further indicates that
EPU also influences energy market volatility and the connectedness between fossil fuel and renewable
energy markets (Evrim Mandaci et al. 2025; Jiang et al. 2024; Ma et al. 2022).

In this framework, climate, geopolitical and policy uncertainty measures may contain incremental
predictive information for tail-risk forecasting that is not captured by traditional volatility-based
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models. Because green and brown assets are differentially exposed to regulatory and transition-
related shocks, understanding how uncertainty affects their tail-risk dynamics is essential for both
portfolio management and financial stability assessment. Motivated by these considerations, this
paper investigates whether climate, geopolitical and policy uncertainty indices can enhance VaR and
ES forecasts for green and brown assets and whether their predictive power differs across asset classes
and quantile levels.

This study contributes to the literature in several ways. First, it provides new evidence on how
climate transition dynamics and uncertainty shocks affect financial tail-risk forecasting of green and
brown stocks, moving beyond traditional analyses focused on volatility measures. Second, we analyze
the distinct and combined impacts of physical climate risk, transition climate risk, geopolitical risk and
economic policy uncertainty on VaR and ES dynamics for both green and brown stocks, allowing for a
deeper understanding of how different types of risk differentially affect extreme losses depending on
asset characteristics. Third, the paper advances the methodology for tail-risk forecasting by proposing
an enriched specification of the Realized ES-CAViaR model that combines range-based volatility
measures with a comprehensive set of external risk indices. The resulting framework allows for
the systematic inclusion of exogenous risk drivers and can be flexibly extended to different asset
classes and risk-factor configurations. Finally, by covering a sample period marked by major climate
agreements, pandemic disruptions and geopolitical conflicts, the analysis sheds light on the differential
vulnerability of green and brown assets during episodes of extreme market stress, providing insights
that are highly relevant for investors, risk managers and policymakers.

Our empirical investigation uses daily data for the iShares Global Clean Energy ETF (ICLN) and
the iShares Global Energy ETF (IXC) as representative proxies for green and brown stocks, respectively,
covering the period from January 2012 to December 2024. This sample period is particularly informa-
tive as it covers multiple episodes of elevated climate, geopolitical and policy uncertainty, including the
Paris Agreement (2015), various COP conferences, the US-China trade war, the COVID-19 pandemic,
Russian invasion of Ukraine and the Israel-Hamas conflict. Specifically, geopolitical risk is measured
by the daily GPR (GPRD) of Caldara and lacoviello (2022), climate risk is captured by the Physical
(PRI) and Transition (TRI) Risk Indices of Bua et al. (2024), economic policy uncertainty is measured
by the EPU index of Baker et al. (2016), and volatility is estimated using the high-low range (HLR)
estimator.

The adequacy of VaR forecasts is assessed using standard backtesting procedures based on the
empirical Violation Rate (VR) and the Dynamic Quantile (DQ) test of Engle and Manganelli (2004).
Forecasting accuracy across competing specifications is further evaluated using the Quantile Loss (QL)
function, which allows for an economically meaningful comparison and ranking of alternative VaR
models.

The joint evaluation of VaR and ES forecasts relies on the class of strictly consistent scoring func-
tions introduced by Fissler and Ziegel (2016), complemented by the Strict ES Regression (ESR) backtest
of Bayer and Dimitriadis (2022), which provides a powerful diagnostic framework for detecting ES
misspecification. Finally, differences in predictive performance are formally assessed using the Model
Confidence Set (MCS) procedure of Hansen et al. (2011), which identifies the subset of models that
cannot be statistically distinguished from the best-performing specification.

Overall, the empirical results reveal a heterogeneous impact of uncertainty and climate-related
risk indicators on tail-risk forecasts for green and brown stocks. Transition climate risk emerges as
the most informative factor for extreme risk at the 1% quantile for both asset classes, highlighting the
relevance of transition-related shocks for the most severe market conditions. At the 2.5% quantile, the
predictive importance shifts across assets: geopolitical risk plays a central role for green stocks, while
economic policy uncertainty becomes the key driver for brown energy stocks. These findings indicate
that the informational content of uncertainty indices varies not only across risk levels but also across
asset classes, suggesting that different sources of uncertainty propagate into financial tail-risk through
distinct channels.
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The remainder of the paper is organized as follows. Section 2 reviews VaR and ES and introduces
strictly consistent loss functions for their joint evaluation. Section 3 presents the modeling framework,
while Section 4 discusses model estimation. Section 5 describes the data and the construction of
volatility and risk indices. Section 6 reports the forecasting design and empirical results. Finally,
Section 7 concludes the paper.

2. VaR, ES and Scoring Functions

Financial risk management is a fundamental component of operational frameworks within
financial institutions. Among the quantitative tools available for assessing and controlling market risk,
the VaR has emerged as a standard metric.

Let F; denote the information set available at time f and let

Fi(r) =Pr(re <r | Fi_1)

be the cumulative distribution function (CDF) of return ; conditional on F;_;. Under the assumption
that F;(-) is strictly increasing and continuous on R, the one-step-ahead a-level VaR at time ¢, for a
given risk level « € (0,1), is formally defined as

Qta = Ft_l("‘)-

Despite its widespread adoption, VaR presents well-known shortcomings as a risk measure. In
particular, it fails to capture the severity of losses beyond the a-threshold and does not satisfy the
sub-additivity property, thus lacking mathematical coherence and potentially discouraging portfolio
diversification. To overcome these limitations, Artzner et al. (1999) proposed the ES as a coherent
alternative, quantifying the expected loss conditional on the return falling below the VaR threshold.
Recent regulatory developments, particularly the Basel IIl Accord, have reinforced the role of ES as
the primary metric for market risk measurement. The one-step-ahead a-level ES is defined as the tail
conditional expectation of 7 (see Acerbi and Tasche 2002, among others)

ESto = E(r | 1 < Qpas Fi—1)-

To simplify notation, unless otherwise stated, we adopt the following conventions throughout the
paper: Qo = Qrand ES; 4 = ES;.

Consistent estimation of VaR and ES requires the choice of appropriate objective functions. Several
parameterizations of the pair (Qy, ES;) have been proposed in the literature, with parameters that can
be consistently estimated by minimizing strictly consistent scoring functions. When interest focuses
exclusively on VaR, a natural estimator is obtained by minimizing the quantile loss (QL) function

QL(rt, Q) = (& — L) (re — Qt), 1)

where I; = I(r; < Q) denotes the indicator function. This approach admits a quasi-likelihood
interpretation under an Asymmetric Laplace (AL) distribution for r; (Koenker and Machado 1999).
Building on this foundation, Taylor (2019) shows that incorporating ES; into the scale parameter of the
AL distribution yields the joint conditional density

(r — Q) (a = I(rr < Qt))),

a—1
p(re | Fio1) = ES, EXP( 2ES, (2)

which depends on both Q; and ES;, enabling their simultaneous estimation.
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Fissler and Ziegel (2016) characterize a broad class of scoring functions that are strictly consistent
for the pair (Q¢, ES;). This family takes the general form

St(rt,Qt, ESt) = (It — ) G1(Q¢) — It G1(r¢) + Go2(ESt)

I (3)
- (Est - Qi+ ;(Qt - rt)>H(ESt) +a(re),
where G1(-) is an increasing function, G,(-) is strictly increasing and strictly convex, H(-) satisfies
H'(x) = Gp(x) with limy—,_ Gp(x) = 0, and a(-) is a real-valued integrable function. A prominent
special case is obtained by setting G;(x) = 0, Ga(x) = —1/x, H(x) = —log(—x) and a = 1 —log(1 —
), under the assumption of zero-mean return innovations, yielding the AL log-score (Taylor 2019)

“—1> (e =Q)(e—1)
ESt DCESt !

St(T’t, Qt, ESt) = —10g< (4)
whose negative coincides with the log-likelihood of the density in (2), thereby guaranteeing strict
consistency for the joint estimation of VaR and ES.

A further specification of practical interest is the FZ0 loss function proposed by Patton et al.
(2019), obtained under the assumption that both VaR and ES are strictly negative by setting G1(x) = 0,
Ga(x) = —1/xand a(x) = 01in (3)

o
ES;

FZOt = ]It(l"t — Qt) + + IOg(—ESt) —1. (5)

o E St
The FZO0 loss exhibits homogeneity of degree zero, a property that enhances the power of compar-
ative forecast evaluation tests (Diebold and Mariano 1995), as documented in volatility forecasting
applications (Patton and Sheppard 2009). In what follows, the AL log-score (4) is adopted for model
estimation, while the FZ0 loss (5) serves as an additional criterion for forecast comparison.

3. Modelling Framework for VaR and ES Forecasting

Taylor (2019) introduces the semi-parametric ES-CAViaR family of models, designed to jointly
characterize the dynamics of VaR and ES. Building on this framework, Gerlach and Wang (2020)
augment the joint VaR-ES quantile regression approach by incorporating a realized volatility measure
as a proxy for tail-risk dynamics, leading to the ES-X-CAViaR-X specification

Qr = Bo+ Prxi—1 + 201,
Wy = Yo+ Y1Xt—1 + Y2Wr—1,
ES; = Qr —wy,

where x; denotes a realized volatility measure and w; is an additive, time-varying component linking
the dynamics of Q; and ES;. The constraints g > 0, 71 > 0 and 9, > 0 are imposed to prevent the
VaR and ES series from crossing.

Several contributions have extended this framework by incorporating measurement equations
for realized volatility. Wang et al. (2023) introduce the Realized ES-CAViaR model, while Peiris et al.
(2024) propose the more general Realized-ES-CAViaR-M specification, which accommodates multiple
realized measures through their respective measurement equations. The Realized-ES-CAViaR-M is

given by
log(—Q¢) = w + B log(—Qs_1) + d1€r_1 + daer_1 + ¥ w1, (6)
Wy = Vo +viws_1 + t// lul,_q, 7)
ES; = Q —wy, 8)
log(xj) = Gj + ¢j log(—Qt) + Tjaet + Toef +uje,  j=1,...,K )
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where €; = r;/Q; and K denotes the number of realized measures, with K = 1 reducing to the log-
Realized-ES-CAViaR model. Equations (6)—(9) correspond, respectively, to the quantile equation, the
VaR-ES spread equation, the ES equation and the measurement equations. The log specification in
(6) ensures that Q; remains strictly negative, as required for left-tail modeling, while the constraints
Vo > 0,v1 > 0and ¢ > 0 prevent the VaR and ES series from crossing.

To further enhance forecasting performance, additional regressors can be incorporated into the
model. Following Naimoli (2023), variables with a dynamic relationship to volatility or returns are
included via dedicated measurement equations. In this spirit, we extend the Realized-ES-CAViaR-
M framework by introducing measurement equations for various risk indices, related to climate,
geopolitical, and economic policy uncertainty.

4. Estimation of ES-CAViaR Models

Parameter estimation for the ES-CAViaR model class is performed by maximizing the AL quasi
log-likelihood introduced in Section 2. The negative of the AL log-score in (4) is strictly consistent for
the joint pair (Qy, ES¢) (Fissler and Ziegel 2016), providing a coherent foundation for the simultaneous
estimation of VaR and ES. Formally, the model parameters are obtained by maximizing

to) = 11+ (1= Qe T < @ w0

t=1

where r = (r1,...,rr)’ denotes the vector of observed returns, T is the sample size and 6 collects all
model parameters.

For the Realized-ES-CAViaR-M model, which incorporates measurement equations with u; Y
N(0,X), the full quasi log-likelihood augments (10) with the Gaussian contribution from the realized
measures

l(r,x;0,X) = L(r;0) + {(x]r;6,%), (11)

where x represents the realized measures and X is the covariance matrix of #;. The complete objective
function can be expressed as follows

(r,x;0,%) i(log< 1) + (re = Qi) (& = I(r¢ < Qt)))

=1 14 ESt

% (Klog(Zn) +1og([Z]) + u(0)Z " w(0)). (12)

HM~1

Following Hansen and Huang (2016), for any fixed 6, the Gaussian component admits a closed-form
solution for X

A 1<
0) = — ) u(0)u(6), (13)
r=
so that the joint maximization problem reduces to

arg max ((r,x;0,%(0)). (14)

This simplification follows from

i u:(0)'%(0) 1uy (0) = tr{i(e)l i ut(ﬂ)ut(ﬂ)/} = TK, (15)
t=1

t=1

which is invariant with respect to 0, allowing the outer optimization to be conducted over 6 alone.
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5. Data Description

To assess the impact of climate, geopolitical risk and economic policy uncertainty indices on tail-
risk forecasting for green and brown stocks, we rely on daily financial market information. Specifically,
we use close-to-close log-returns and the HLR volatility computed from the ICLN and IXC ETFs as
proxies for green and brown equity markets, respectively. The full sample period spans from January
2012 to December 2024, chosen to align with the availability of the risk indices considered. To ensure
temporal consistency with financial variables, all risk measures are adjusted to exclude non-trading
days.

To enhance comparability with the HLR volatility estimator, all risk indices are transformed to be
non-negative and interpretable as measures of uncertainty intensity. The absolute value is applied
directly to the PRI and TRI indices, which already capture short-run innovations in climate risk. For the
GPRI and EPU indices, which are level variables, we compute first differences and then take absolute
values in order to capture the magnitude of risk shocks. All indices are finally rescaled to match the
scale of the HLR to mitigate potential computational issues.

Contrary to high-frequency data, daily high (H) and low (L) prices are widely available and
can be effectively used to estimate volatility. Parkinson (1980) proposed the High-Low Range as an
approximately unbiased variance estimator, scaled by the factor 4log(2), defined as

(log Hy — log Ly)?

HLR = 41og?2 ’

where H; and L; denote the intraday high and low prices for day ¢, respectively. Through theoretical
derivation and simulation, Parkinson showed that the HLR is a more efficient estimator than the
conventional squared return. Empirical evidence further confirms that the HLR performs well with
real-world data (Chou et al. 2010) and outperforms the standard GARCH(1,1) model in both in-sample
fit and out-of-sample forecasting (Molnér 2016).

Our empirical analysis incorporates climate-related risks using the PRI and the TRI' proposed
by Bua et al. (2024). Both indicators are constructed through a text-based methodology based on the
textual analysis of European news sourced from Reuters News, quantifying the frequency of articles
discussing climate-related topics. The PRI captures media coverage related to physical climate risks,
including extreme weather events, natural disasters and long-term environmental degradation, thus
reflecting market perceptions of the direct impacts of climate change. The TRI instead measures
news coverage associated with transition risks, such as regulatory changes, decarbonization policies,
technological shifts and broader adjustments linked to the transition toward a low-carbon economy.
Both indices provide daily measures of climate-risk salience in the public information set, making
them particularly suitable for applications involving high-frequency financial data.

To investigate the role of GPR in tail-risk forecasting, we employ the GPRD index” of Caldara
and lacoviello (2022) as a proxy for geopolitical uncertainty. The GPRD is a news-based measure that
quantifies the intensity of geopolitical tensions by tracking the share of articles in major international
newspapers reporting on events such as wars, terrorist attacks, military conflicts and diplomatic disputes.
Higher values correspond to periods of elevated geopolitical risk. The daily GPRI captures fluctuations
in geopolitical conditions, making it particularly suitable for analyses involving financial variables.

To examine the role of economic policy uncertainty in tail-risk forecasting, we employ the daily
EPU index® developed by Baker et al. (2016). The EPU index is a news-based measure constructed by
quantifying the frequency of articles in major US newspapers that simultaneously contain terms related
to economic conditions, uncertainty and policy-relevant topics such as legislation, regulation, fiscal
and monetary policy. By construction, higher values correspond to periods of heightened uncertainty

1" The data were retrieved from the authors’ public repository https:/ /sites.google.com/view /lavinia-rognone-library

2 The dataset used in this study was downloaded from https:/ /www.matteoiacoviello.com/gpr.htm
3 The dataset used in this study was downloaded from https:/ /www.policyuncertainty.com
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regarding government actions and their potential economic consequences. Accordingly, the daily EPU
index captures short-run fluctuations in the macroeconomic policy environment, which may affect
green and brown assets differently given their heterogeneous exposure to regulatory interventions,
fiscal incentives and environmental legislation.

Table 1 reports summary statistics for the daily log-returns of brown (IXC) and green (ICLN) stocks
over the period January 2012 to December 2024. Both series exhibit nearly identical mean returns and
comparable unconditional volatility levels, with standard deviations of 1.601 and 1.640 for brown and
green stocks, respectively. However, the two series display markedly different tail behavior. Brown stocks
exhibit substantially higher kurtosis (25.138 versus 9.243) and more pronounced negative skewness (-1.093
versus -0.350), indicating a greater propensity for extreme negative returns. The minimum daily return
for brown stocks (-21.631%) is considerably more extreme than that of green stocks (-13.709%), while the
maximum return is also larger (15.970% versus 10.800%). These stylized facts confirm the presence of fat
tails and asymmetries in return distributions typical of financial time series, with brown energy stocks
exhibiting more pronounced tail behavior than green stocks. This heterogeneity in tail-risk characteristics
motivates the need for asset-specific VaR and ES forecasting models.

Table 1. Descriptive statistics for daily log-returns (in percentage) of brown stocks (iShares Global Energy ETF,
IXC) and green stocks (iShares Global Clean Energy ETF, ICLN). Sample period: January 2012 — December 2024.
SD, denotes standard deviation; Skew; denotes skewness and Kurt, denotes kurtosis.

Mean SD  Median Min Max  Skew  Kurt
IXC returns  0.016 1.601 0.060 -21.631 15970 -1.093 25.138
ICLN returns 0.016 1.640 0.000 -13.709 10.800 -0.350 9.243

Figure 1 displays the time series of daily log-returns (top panels) and HLR volatility estimates
(bottom panels) for brown (left) and green (right) energy stocks over January 2012 to December 2024.
Both return series exhibit volatility clustering, with pronounced spikes during periods of market
stress, most notably during the COVID-19 pandemic in early 2020, Russia’s invasion of Ukraine
in early 2022 and the October 2023 geopolitical tensions. The volatility patterns reveal that both
asset classes experienced elevated risk during these episodes, though the magnitude and persistence
of volatility spikes differ across green and brown stocks. Brown stocks exhibit particularly large
volatility spikes during energy-market-specific events (2020 oil price collapse, 2022 energy supply
disruptions), reflecting their direct exposure to fossil fuel price dynamics and geopolitical tensions
affecting oil and gas supplies. Green stocks, by contrast, show more persistent elevated volatility
during periods characterized by regulatory uncertainty and policy shifts, such as the 2016-2017 period
of policy reversals in renewable energy support programs. Consequently, the volatility patterns suggest
that tail-risk dynamics may be driven by different factors across the two asset classes, motivating
our investigation of whether climate risk, geopolitical risk and policy uncertainty indices provide
differential predictive content for VaR and ES forecasting in green versus brown stocks.

Figure 2 displays the transformed risk indices, normalized to the [0,1] interval for visual compari-
son. The four panels show substantial time variation in all risk dimensions, with several notable spikes
corresponding to major events. The TRI (top panel) exhibits pronounced increases during key climate
policy developments, including the Paris Agreement (2015), various COP conferences and the 2021-
2022 acceleration of net-zero commitments. The PRI (second panel) displays spikes associated with
extreme weather events, including major hurricanes, wildfires and flooding episodes. The EPU (third
panel) shows increases during the 2016 US election, the COVID-19 pandemic and various episodes of
fiscal and monetary policy uncertainty. The GPRD (bottom panel) captures sharp elevations during the
US-China trade war, Russia’s invasion of Ukraine and the Israel-Hamas conflict. The heterogeneous
temporal patterns across these indices suggest they may contain distinct information relevant for
tail-risk forecasting.
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Figure 1. Daily log-returns and high-low range volatility over the period January 2012 — December 2024. Left
panels: iShares Global Energy ETF (IXC, brown stocks). Right panels: iShares Global Clean Energy ETF (ICLN,
green stocks). Top panels show returns, bottom panels show volatility.
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Figure 2. Transformed risk indices over the sample period January 2012 — December 2024. First panel: absolute
values of the Transition Risk Index (TRI). Second panel: absolute values of the Physical Risk Index (PRI). Third
panel: absolute first differences of the Economic Policy Uncertainty Index (EPU). Fourth panel: absolute first
differences of the daily Geopolitical Risk (GPRD) Index. For enhanced visual comparison, all series displayed
here are normalized to the [0,1] interval. Model estimation uses the series rescaled to the high-low range volatility
scale.

6. Forecasting Results
6.1. Forecasting Design and Evaluation Strategy

The empirical analysis employs a recursive estimation strategy with a six-year rolling window,
balancing parameter stability with adaptability to structural changes in tail-risk dynamics. Starting
with an initial window from January 2012 to December 2017, parameters are re-estimated daily as the
window advances one day at a time. This recursive procedure produces a sequence of one-step-ahead
VaR and ES forecasts for the out-of-sample period from January 2018 to December 2024.

The out-of-sample period encompasses severe financial dislocations, including the December 2018
equity selloff triggered by trade tensions and monetary tightening, the February 2022 market disruption
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following Russia’s invasion of Ukraine, the March 2023 banking turmoil involving Silicon Valley Bank
and Credit Suisse and elevated volatility in 2024 driven by persistent inflation and monetary policy
uncertainty.

Geopolitical shocks during the sample period include the escalation of the US-China trade war
in mid-2018, the January 2020 crisis between the US and Iran, the August 2021 withdrawal from
Afghanistan, Russia’s February 2022 invasion of Ukraine, the October 2023 Hamas-Israel conflict
and heightened tensions in 2024 involving Red Sea shipping disruptions and increased strategic
competition in the Taiwan Strait.

Physical climate events include the November 2018 Camp Fire, the 2019-2020 Australian bushfires,
the February 2021 Texas blackout, Hurricane Ian in September 2022, the 2023 Canadian wildfires and
recurrent European heatwaves and droughts between 2022 and 2024. Transition-related developments
encompass the October 2018 IPCC 1.5°C report, the December 2019 EU Green Deal, the August 2022
US Inflation Reduction Act, the December 2023 COP28 fossil fuel transition commitments and COP29
climate finance negotiations in November 2024.

Economic policy uncertainty surged during the 2018-2019 US government shutdown, the
pandemic-era fiscal and monetary interventions of 2020-2021, the 2021-2022 inflation spike and Federal
Reserve tightening cycle, debates over cryptocurrency regulation and the 2024 presidential election
cycle, which influenced expectations regarding energy, climate and trade policies.

This sample period provides a suitable setting to assess whether variations in climate, geopolitical
and economic policy uncertainty indices improve tail-risk forecasting beyond standard volatility
measures and whether their predictive power differs between green and brown stocks across risk
levels. Accordingly, VaR and ES forecasts are generated at the 1% and 2.5% quantiles.

VaR forecast adequacy is evaluated through a comprehensive backtesting procedure. The em-
pirical VR, computed as the fraction of VaR violations over the out-of-sample period, offers a simple
measure of unconditional calibration. To assess whether violations occur at the expected frequency
and exhibit serial independence, we implement the DQ test of Engle and Manganelli (2004), which
combines the unconditional coverage test of Kupiec (1995) and the conditional coverage test of Christof-
fersen (1998) within a regression-based specification. Model ranking based on VaR performance is
performed using the quantile loss (QL) function, which allows for a statistical comparison of predictive
accuracy across competing specifications.

For the joint evaluation of tail-risk forecasts, we adopt two complementary approaches. First,
we employ the class of Fissler-Ziegel (FZ) loss functions, which are strictly consistent for the joint
(VaR, ES) pair and therefore suitable for comparative forecast evaluation. In particular, we implement
the FZ0 loss function, which exhibits the desirable property of homogeneity of degree zero, shown by
Patton and Sheppard (2009) to enhance the power of forecast comparison tests. Second, we apply the
Strict Regression-Based Expected Shortfall backtest (BD) proposed by Bayer and Dimitriadis (2022),
which provides a powerful diagnostic for detecting ES misspecification.

Statistical significance of performance differences is assessed using the MCS methodology of
Hansen et al. (2011), which identifies the set of superior models (S5SM) that remain statistically indistin-
guishable from the best-performing specification at a given confidence level. MCS results are reported
at the conventional 25% significance level for both QL and FZ0 loss functions.

6.2. Forecast Evaluation

The forecast evaluation encompasses sixteen Realized-ES-CAViaR model specifications, ranging from
the baseline model using only HLR volatility to the full specification incorporating all four risk indices
(HLR, PRI, TRI, EPU, GPRD).

Table 2 reports out-of-sample forecasting results for green stocks (ICLN) at the 1% risk level.
All specifications pass backtesting procedures, with DQ p-values well above the conventional 5%
significance level and empirical VRs clustering around the nominal 1% level. In addition, the BD test
confirms ES adequacy, with p-values exceeding 53%.
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Table 2. Out-of-sample forecasting performance for green stocks (iShares Global Clean Energy ETF, ICLN) at
the & = 1% risk level. The table reports results for 16 Realized-ES-CAViaR model specifications over the period
January 2018 — December 2024. VR denotes the empirical Violation Rate (in percentage). DQ reports p-values (in
percentage) for the Dynamic Quantile test of Engle and Manganelli (2004). BD reports p-values (in percentage) for
the Strict regression-based Expected Shortfall backtest of Bayer and Dimitriadis (2022). QL and FZ0 represent the
Quantile Loss and FZ0 Loss functions, respectively, with lower values indicating superior forecasting performance.
Shaded cells indicate models included in the 75% Model Confidence Set. Bold values denote the best-performing

specification.
Measures VR DQ QL FZ0 BD
(HLR) 0.795 88.362 100.987 ~ 2991.382 64.138
(HLR, EPU) 0.852 82.877 101.413 3016.452 61.839
(HLR, GPRD) 0.852 94.060 102.112 2999.506 54.935
(HLR, PRI) 0.909 97.602 101.434 2999.800 60.422
(HLR, TRI) 0.625 72.426 100.072 2971.836 69.985
(HLR, EPU, GPRD) 0.682 73211 102186  3010.880  59.887
(HLR, PRI, EPU) 0.852 43.874 103.748 3018.375 64.198
(HLR, PRI, GPRD) 0.852 45.765 103.742 3015.617 59.538
(HLR, PRI, TRI) 0.682 85.102 100.652 2972.425 84.066
(HLR, TRI, EPU) 0.625 70.937 100.175 2974.834 76.334
(HLR, TRI, GPRD) 0.739 95.276 100.989 2966.790 75.618
(HLR, PRI, EPU, GPRD) 0.795 93.418 102.486 3013.471 64.176
(HLR, PRI, TRI, EPU) 0.795 29.635 104.497  3030.253 59.191
(HLR, PRI, TRI, GPRD) 0.852 43.493 104.428 3021.736 53.655
(HLR, TRI, EPU, GPRD) 0.795 44.055 101.535  2985.545  63.948
(HLR, PRI, TRI, EPU, GPRD) 0.852 47.720 104.252 3023.658 55.916

Regarding VaR forecasting performance, the QL-based MCS includes only two specifications:
(HLR, TRI) achieving the best performance minimizing the QL and (HLR, TRIL, EPU). This extreme
selectivity indicates that TRI is particularly informative for VaR forecasting of green stocks in extreme
tails. In particular, the baseline (HLR) specification is excluded from 75% MCS, highlighting the critical
role of transition climate risk information in ensuring accurate VaR forecasts.

According to the joint performance criterion for VaR-ES, the FZ0-based MCS expands to nine
models, including the benchmark and specifications with GPRD and PRI. The best ES model is (HLR,
TRI, GPRD) with the lowest FZ0 value. This MCS expansion from QL to FZ0 indicates that ES
forecasting benefits from a broader set of risk factors than VaR. It is worth noting that among the eight
MCS FZ0 models integrated with risk indices, five contain TRI, thereby confirming its central role. In
contrast, GPRD and PRI add value specifically for the ES metric.

Table 3 presents results at the 2.5% a-level for ICLN. At the less extreme quantile, coverage
remains well calibrated across all models, with VR values tightly clustered around the nominal 2.5%
level and very high DQ p-values, confirming adequate VaR dynamic specification. The BD test results
similarly indicate robust ES performance, with all p-values exceeding 60%.

From a loss-function perspective, specifications including GPRD achieve the best performance
according to both QL and FZ0. In particular, relying on QL, the 75% MCS includes only 2 models,
namely (HLR, GPRD) showing best performance and (HLR, EPU, GPRD). Interestingly, GPRD re-
places TRI as the dominant factor at the 2.5% quantile. This suggests that geopolitical risk is a more
informative factor in explaining moderate tail-risk for green assets. Finally, the benchmark (HLR) is
excluded from the SSM, though it achieves competitive performance.

The FZ0 MCS includes all model specifications, indicating statistical homogeneity in joint VaR-ES
forecasts at the 2.5% risk level. Consistent with the QL results, the best-performing model is the (HLR,
GPRD) specification. However, the differences across models are relatively small, suggesting that the
baseline HLR model already captures most of the relevant tail-risk dynamics at this quantile. The

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202603.1499.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 19 March 2026 d0i:10.20944/preprints202603.1499.v1

12 of 18

universal inclusion of all models in the MCS further implies that the addition of external risk indices
provides limited incremental value for ES forecasting at the 2.5% level.

Table 3. Out-of-sample forecasting performance for green stocks (iShares Global Clean Energy ETF, ICLN) at the
« = 2.5% risk level. The table reports results for 16 Realized-ES-CAViaR model specifications over the period
January 2018 — December 2024. VR denotes the empirical Violation Rate (in percentage). DQ reports p-values (in
percentage) for the Dynamic Quantile test of Engle and Manganelli (2004). BD reports p-values (in percentage) for
the Strict regression-based Expected Shortfall backtest of Bayer and Dimitriadis (2022). QL and FZ0 represent the
Quantile Loss and FZ0 Loss functions, respectively, with lower values indicating superior forecasting performance.
Shaded cells indicate models included in the 75% Model Confidence Set. Bold values denote the best-performing

specification.
Measures VR DQ QL FZ0 BD
(HLR) 2.329 98.629 198.868 2533.103 69.397
(HLR, EPU) 2.329 97.935 199.789 2541.516 73.788
(HLR, GPRD) 2.329 98.700 197.725 2521.343 63.091
(HLR, PRI) 2.329 99.959 200.207 = 2546.062 68.589
(HLR, TRI) 2.273 97.266 199.955 2534.497 71.749
(HLR, EPU, GPRD) 2.329 98.466 198.440 2527.050 69.742
(HLR, PRI, EPU) 2.386 98.819 200.736 2543.834 73.485
(HLR, PRI, GPRD) 2.329 99.977 199.237  2534.894 62.234
(HLR, PRI, TRI) 2.329 99.949 200.614 2538.218 72.971
(HLR, TRI, EPU) 2.329 98.298 200.073 2541.018 78.055
(HLR, TRI, GPRD) 2.216 99.777 199.266 2527.383 65.557
(HLR, PRI, EPU, GPRD) 2.329 98.177 199.389 2529.534 72.820
(HLR, PRI, TRI, EPU) 2.273 99.804 201.832 2543.776 67.267
(HLR, PRI, TRI, GPRD) 2.273 99.804 200.330 2533.257 72.321
(HLR, TRI, EPU, GPRD) 2.273 97.295 199.787  2533.915 75.656
(HLR, PRI, TRI, EPU, GPRD) 2.329 99.933 201.016 2535.250 75.397

Table 4 reports the out-of-sample forecasting results for brown stocks (IXC) at the 1% risk level.
In contrast to green stocks, models for brown stocks face greater specification challenges at the 1%
quantile. Although the VRs are reasonably close to the nominal 1% level, several specifications exhibit
DQ test p-values below 5%, including the benchmark (HLR) model, indicating residual dynamic
misspecification when only limited information is used. Notably, the specifications that include TRI,
namely (HLR, TRI), (HLR, PRI, TRI), (HLR, TRI, GPRD) and (HLR, PRI, TRI, GPRD), are the only ones
that pass the DQ test. This suggests that transition risk information improves the forecasting accuracy
of VaR models also for brown stocks. By contrast, the Strict ESR backtesting results are uniformly
strong, with all models passing the test, indicating well-calibrated ES forecasts across specifications.

Performance improvements are also evident in terms of QL and FZ0 when climate-related vari-
ables are incorporated into the modeling framework. In particular, the (HLR, TRI) specification
achieves the lowest QL, while the model combining PRI and TRI provides the best FZ0 value.

Regarding the QL-based MCS, twelve specifications are included, a substantially larger set than
for green stocks, where only two models entered the MCS at the 1% risk-level. This broader inclusion
indicates a more homogeneous VaR forecasting performance across model specifications for brown
stocks. Nevertheless, consistent with the green case, the best-performing specification is (HLR, TRI).
Interestingly, several multi-index models that do not include TRI also enter the MCS, such as (HLR,
EPU), (HLR, PRI) and (HLR, GPRD). At the same time, the baseline model also enters the MCS,
suggesting that HLR-based volatility alone provides reasonably accurate VaR forecasts for brown
stocks. This contrasts with the results for green stocks, where the baseline specification was excluded
from the MCS. The four specifications excluded from the QL-based MCS are all relatively complex
models incorporating four or five risk factors: (HLR, PRI, EPU, GPRD), (HLR, PRI, TRI, EPU), (HLR,
TRI, EPU, GPRD) and (HLR, PRI, TRI, EPU, GPRD).
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Table 4. Out-of-sample forecasting performance for brown stocks (iShares Global Energy ETF, IXC) at the « = 1%
risk level. The table reports results for 16 Realized-ES-CAViaR model specifications over the period January 2018 —
December 2024. VR denotes the empirical Violation Rate (in percentage). DQ reports p-values (in percentage)
for the Dynamic Quantile test of Engle and Manganelli (2004). BD reports p-values (in percentage) for the
Strict regression-based Expected Shortfall backtest of Bayer and Dimitriadis (2022). QL and FZ0 represent the
Quantile Loss and FZ0 Loss functions, respectively, with lower values indicating superior forecasting performance.
Shaded cells indicate models included in the 75% Model Confidence Set. Bold values denote the best-performing

specification.
Measures VR DQ QL FZ0 BD
(HLR) 1.080 3.511 106.760 3001.448 78.697
(HLR, EPU) 1.193 4.471 106.567  3013.494 75.323
(HLR, GPRD) 1.023 3.836 107.611 2997.866 72.331
(HLR, PRI) 1.136 4.482 106.519 2996.003 86.512
(HLR, TRI) 1.023 57.220 105.814 2938.655 88.851
(HLR, EPU, GPRD) 1.136 4.270 107.831 3034.177 74.610
(HLR, PRI, EPU) 1.364 2.874 106.194 2982.199 74.780
(HLR, PRI, GPRD) 1.136 4.878 107.711 2995.935 67.761
(HLR, PRI, TRI) 1.023 49.117 106.205 2933.334 84.836
(HLR, TRI, EPU) 1.250 5.014 107.042 3014.323 83.437
(HLR, TRI, GPRD) 0.909 46.436 106.623 2943.938 85.961
(HLR, PRI, EPU, GPRD) 1.307 2.695 108.157  3035.360 71.562
(HLR, PRI, TRI, EPU) 1.307 4.787 108.384 3020.838 82.384
(HLR, PRI, TRI, GPRD) 1.023 47.361 107.323 2956.161 79.998
(HLR, TRI, EPU, GPRD) 1.250 4.057 108.398 3032.160 74.455
(HLR, PRI, TRI, EPU, GPRD) 1.364 1.771 108.348 3023.486 79.608

The FZ0-based MCS includes seven specifications, a substantial reduction compared with the
twelve-model QL MCS, indicating that ES forecasting is more challenging than VaR prediction for
brown stocks at the 1% risk-level. Notably, the baseline (HLR) model is excluded from the FZ0
MCS, despite being included in the QL MCS. This indicates that volatility alone is adequate for VaR
forecasting but less effective in capturing ES dynamics. In contrast, external risk indices, particularly
PRI and TRI, provide valuable information for modeling extreme losses in brown stock markets. The
best-performing specification in terms of FZ0 is (HLR, PRI, TRI), achieving a 2.3% improvement over
the benchmark (HLR), the largest gain observed across all model settings. This result highlights the
importance of jointly accounting for physical and transition climate risks when characterizing the
tail distribution of losses in brown markets. Among the seven models included in the 75% MCS,
six incorporate either PRI or TRI (or both), reinforcing the relevance of climate-risk indicators for
accurate joint VaR-ES forecasting. Overall, TRI-augmented models are consistently retained in the
MCS, underscoring the importance of transition risk in capturing extreme risk dynamics in brown
assets, which are inherently more exposed to policy, regulatory and technological shifts associated
with the low-carbon transition.

Table 5 presents the forecasting results for brown stocks at the 2.5% risk level. Although VRs are
slightly above the nominal level in several cases, VaR coverage remains substantially adequate but
less uniform than for green stocks at the 2.5% quantile. DQ test p-values indicate that VaR models
for brown stocks face greater specification challenges than those observed for green stocks at this
quantile, possibly reflecting the more complex risk profile of fossil fuel companies exposed to multiple
sources of tail-risk, including physical climate events, geopolitical supply shocks, policy uncertainty
and technological disruption. Finally, the BD test results indicate no evidence of ES misspecification.
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Table 5. Out-of-sample forecasting performance for brown stocks (iShares Global Energy ETE, IXC) at the « = 2.5%
risk level. The table reports results for 16 Realized-ES-CAViaR model specifications over the period January 2018 —
December 2024. VR denotes the empirical Violation Rate (in percentage). DQ reports p-values (in percentage)
for the Dynamic Quantile test of Engle and Manganelli (2004). BD reports p-values (in percentage) for the
Strict regression-based Expected Shortfall backtest of Bayer and Dimitriadis (2022). QL and FZ0 represent the
Quantile Loss and FZ0 Loss functions, respectively, with lower values indicating superior forecasting performance.
Shaded cells indicate models included in the 75% Model Confidence Set. Bold values denote the best-performing

specification.
Measures VR DQ QL FZ0 BD
(HLR) 2.671 28.194 204.112 2518.669 85.766
(HLR, EPU) 2.954 15.027 ~ 203.405 2523.388 64.204
(HLR, GPRD) 2.727 29.225 204.170 2523.816 76.345
(HLR, PRI) 2.671 28.351 204.817  2521.658 78.624
(HLR, TRI) 2671 25,603  206.228  2530.689  69.361
(HLR, EPU, GPRD) 2.898 11.619 203.060 2519.820 66.353
(HLR, PRI, EPU) 2.841 24.093 203.892 2526.233 64.798
(HLR, PRI, GPRD) 2.727 29.295 204.902 2523.370 77.401
(HLR, PRI, TRI) 2.671 4.809 206.494 2535.490 67.509
(HLR, TRI, EPU) 2.784 20.031 204.662 2521.516 61.852
(HLR, TRI, GPRD) 2.671 25.684 206.177 ~ 2529.926 68.871
(HLR, PRI, EPU, GPRD) 2.841 22.518 203.390 2516.241 72.402
(HLR, PRI, TRI, EPU) 2.727 11.108 204.709 2520.919 59.620
(HLR, PRI, TRI, GPRD) 2.614 26.401 205.970 2527.152 64.272
(HLR, TRI, EPU, GPRD) 2.727 22.243 203.928 2515.459 64.368
(HLR, PRI, TRI, EPU, GPRD) 2.671 24.140 204.369 2521.765 55.299

Regarding predictive accuracy, models combining EPU and GPRD perform best. The (HLR, EPU,
GPRD) specification minimizes QL, while the model including TRI, EPU and GPRD achieves the
lowest FZ0.

The QL-based MCS includes four specifications, namely (HLR, EPU), (HLR, EPU, GPRD), (HLR,
PRI, EPU, GPRD) and (HLR, TRI, EPU, GPRD). A key feature is the prominence of EPU, which appears
in all specifications entering 75% MCS, indicating that economic policy uncertainty plays a central role
in VaR forecasting for brown stocks at the 2.5% level. This contrasts with green stocks, where EPU
plays a more limited role and with brown stocks at the 1% level, where TRI drives QL minimization.
GPRD is also highly relevant, appearing in three of the four superior specifications, consistent with the
exposure of brown stocks to geopolitical risks affecting energy supply chains and international energy
markets. By contrast, climate risk indices play a more limited role at this quantile: TRI and PRI appear
in only one specification each, suggesting that they add limited incremental information beyond policy
uncertainty and geopolitical risk. Finally, the baseline (HLR) is excluded from the QL MCS, indicating
that external risk indicators are necessary for effective VaR forecasting at the 2.5% risk-level.

The FZ0-based MCS includes all model specifications, mirroring the pattern observed for green
stocks at the 2.5% quantile. Although (HLR, TRI, EPU, GPRD) achieves the lowest FZ0 value, the
inclusion of all models indicates a high degree of statistical homogeneity in joint VaR-ES forecasting
performance at this risk level. The presence of numerous multi-factor specifications in the MCS
suggests that moderate tail-risk for brown assets reflects the influence of several uncertainty channels
rather than a single dominant driver.

In summary, the results reveal a heterogeneous pattern of predictive gains that varies systemati-
cally across asset classes and quantile levels. For both green and brown stocks, transition climate risk
emerges as the dominant predictor at the 1% level: it is the only factor entering the QL-based MCS
for green assets and the only one ensuring adequate dynamic VaR specification for brown stocks. For
brown markets, the joint inclusion of physical and transition climate risks provides the largest improve-
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ment in joint VaR-ES forecasting performance across all settings. At the 2.5% quantile, the dominant
drivers change. Geopolitical risk becomes most relevant for green assets, whereas economic policy
uncertainty plays the leading role for brown stocks, reflecting their different exposure to regulatory
interventions and disruptions in energy supply.

Finally, when using the QL to rank VaR forecasts, volatility-only benchmarks are generally
excluded from the SSM, while parsimonious two- or three-factor specifications consistently outperform
more complex multi-index models. On the other hand, using the FZ0 to evaluate VaR and ES forecasts
can lead to more uncertain rankings. However, models that include information on other risk factors
often perform better than volatility-only benchmarks.

7. Concluding Remarks

This paper examines whether climate, geopolitical and economic policy uncertainty indices
improve VaR and ES forecasts for green and brown stocks, using the iShares Global Clean Energy ETF
(ICLN) and the iShares Global Energy ETF (IXC) as representative proxies for the two asset classes.

Extending the Realized-ES-CAViaR framework, we incorporate four external risk indicators,
namely physical and transition climate risk, geopolitical risk, and economic policy uncertainty, along-
side a high-low range volatility estimator and evaluate sixteen model specifications at the 1% and
2.5% risk levels. The risk indices are transformed to capture the magnitude of uncertainty shocks
and rescaled to ensure comparability with the volatility measure. Forecast adequacy and relative
performance are assessed using VaR and ES backtesting procedures, strictly consistent scoring rules,
and the MCS methodology.

Our empirical analysis over the 2018-2024 out-of-sample period yields several interesting findings.
First, external risk indices lead to statistically significant and economically meaningful improvements
over volatility-only benchmarks in most settings. This finding suggests that volatility measures alone
do not fully capture the tail-risk dynamics of energy assets during periods of elevated macro-financial
uncertainty. Second, transition climate risk emerges as the primary driver of extreme tail-risk at the 1%
level for both asset classes. It is the only factor ensuring adequate dynamic VaR specification for brown
stocks and the only external risk index whose standalone inclusion is sufficient to enter the QL-based
MCS for green stocks. Specifications incorporating TRI achieve the lowest QL and FZ0 values for both
green and brown assets at this risk level, confirming its dominant role in capturing extreme loss dynamics.
Moreover, the joint inclusion of physical and transition climate risks produces the largest improvement in
joint VaR-ES performance across all settings, highlighting their complementarity in modeling extreme
losses in energy markets. Third, at the 2.5% quantile the dominant drivers shift: geopolitical risk becomes
the most relevant factor for green assets, while economic policy uncertainty emerges as the key driver
for brown stocks, reflecting their differential exposure to geopolitical tensions, regulatory interventions
and energy supply disruptions. Fourth, adding more risk factors does not necessarily translate into
better forecasts. Parsimonious two- or three-factor specifications systematically outperform more complex
multi-index models, underscoring the importance of targeted and parsimonious model design.

These findings carry important implications along several dimensions. For risk managers and portfo-
lio allocators, the results suggest that different sources of uncertainty should be monitored depending on
whether portfolios are exposed to green or brown assets and whether the focus is on extreme or moderate
tail events. For regulators, the evidence that volatility-only models may be dynamically misspecified
highlights the importance of incorporating uncertainty measures into internal risk assessment frameworks.
More broadly, the findings contribute to the growing literature on climate-related financial risk by showing
that the informational content of uncertainty indices is both quantile- and asset-specific, a dimension that
conventional volatility measures alone fail to capture.

Future research could extend the framework to individual stocks to explore heterogeneity within
green and brown portfolios or apply it to other asset classes with differential exposure to climate-
related risks. In addition, alternative volatility measures and text-based climate risk proxies represent
promising avenues for further improving tail-risk forecasting performance.
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