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We present a dynamic risk measure called Tail Climate Transition Risk Exposure (TCaRE) to evaluate industry portfolios’ exposure 
to climate transition risk (CTR) as firms transition to a low-carbon economy. CTR affects profitability by decreasing the value of 
companies engaged in polluting activities, which can lead to stranded assets. It relates to stricter climate policies, emerging 
technologies, and shifting consumer preferences.  We employ carbon emission allowance prices as a key indicator of CTR to 
propose TCaRE based on a safety-first investment principle and utilize a tail estimator to analyze the impact of significant shifts 
in carbon prices in determining the links between stock and carbon returns. 
 
 

Introduction 
 
Climate transition risk (CTR) challenges firms in the shift to a low-carbon economy.  It significantly affects 
business performance, urging managers to integrate it into strategic planning and investors to include it in 
valuation models for better investment decisions (Bolton and Kacperczyk, 2021).  CTR harms corporate 
profitability by potentially reducing the value of polluting firms and may lead to decreased collateral values 
and stranded assets.  Driven by stricter climate policies to lower CO2 emissions and new eco-friendly 
technologies, as well as changing consumer and investor preferences (Task Force on Climate-related 
Financial Disclosures, 2018), CTR has wide-ranging impacts.  
 
A critical issue in measuring exposure to CTR is the availability, adequacy, and accessibility of timely, 
detailed information on firms’ GHG emissions, energy consumption, enhanced sustainable technologies, 
and procedures, among others, needed to calculate direct measures of it.  Besides, traditional approaches 
are not well suited due to nonlinearity, path dependencies, and endogeneity, which complicate the 
assessment of CTR (Karydas and Xepapadeas, 2022).  
 
Recognizing these challenges, we propose a novel dynamic risk measure, the Tail Climate Transition Risk 
Exposure (TCaRE), to assess the industry portfolio exposure to CTR.  We assume that CO2 emission 
allowance prices (hereafter referred to as carbon prices) convey relevant information about CTR.  
Emissions trading schemes are a significant policy tool for reducing CO2 emissions that regulators utilize 
to mitigate climate change risks.  According to the main literature, the evolution of carbon prices reflects 
changes in emission reduction policies (see Batten et al., 2021).  For instance, Ozturk et al. (2022) identify 
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that climate uncertainty arising from climate policy and natural hazard risks influences the dynamics of 
carbon prices in an analysis of the impact of climate change variables on daily European carbon prices 
using climate change proxies developed by Faccini et al. (2023).  Goodell et al. (2023) investigate European 
and North American cap-and-trade programmes using the taxonomy of physical and transition risks by Bua 
et al. (2024) and find a dominant positive role of CTR on carbon prices.   
 

 
 
Dr. M.-Dolores Robles, Ph.D, who co-authored this article, is shown here presenting at the Behavioural Finance Working Group 
conference in London on June 4, 2025.  Dr. Robles is an Associate Professor and Senior Researcher at the Instituto Complutense 
de Análisis Económico (ICAE) and Department of Economic Analysis, Universidad Complutense de Madrid (Spain). 
 
 

TCaRE is a globally applicable proxy that will enable more effective CTR management.  It is grounded on 
four key principles:  (1) It is based on asset pricing theory under a safety-first principle (see Cao et al., 2023; 
Arzac and Bawa, 1977) in which investors, fully aware of the impact of climate-related risk — stemming 
from regulatory and technological changes promoting a greener economy — select portfolios prioritizing 
the avoidance of significant losses in their portfolios, requiring a higher premium for assets where 
uncertainty on climate-related policies anticipates substantial negative impact. Thus, TCaRE will 
theoretically and empirically explain the cross-section of expected returns; (2) TCaRE is the slope of a linear 
pricing model that relates industry returns to changes in carbon prices conditional on extreme carbon price 
jumps that is estimated with an extended version of the tail beta estimator by Van Oordt and Zhou (2019); 
(3) TCaRE moves beyond traditional linearity and normality by focusing on the dependency structure on 
the four tails of the joint distribution of industry and carbon returns rather than focusing solely on the 
mean, thus addressing asymmetries and nonlinear dependencies; and (4) it is dynamic, designed to 
provide a daily measure of the stock returns exposure to CTR, offering timely insights into risk linked to 
the transition to a low-carbon economy. 
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Our work contributes to the literature measuring CTR and its impact on stock markets.  Some studies assess 
transition risk from firms’ GHG emissions, emission intensity, and carbon intensity (e.g., Fang et al., 2019; 
Bolton and Kacperczyk, 2021, 2023), a la Fama-French factors like dirty-minus-clean (Oestreich and Tsiakas, 
2015) and brown-minus-green (Roncalli et al., 2021), ESG criteria (Pedersen et al., 2021; Pástor et al., 
2021), sustainable practices (Ahmadi and Peivandizadeh, 2022), and climate indices from textual analysis 
of news (Engle et al., 2020; Faccini et al., 2023).  Our results provide fresh insights into understanding CTR 
by examining industry sensitivity to extreme changes in carbon returns. The findings support that 
European carbon prices (reflecting the impact of mitigation policies and transition risk globally) are useful 
for determining the CTR assessment in U.S. stock markets, consistent with Garcia-Jorcano et al. (2022, 
2023). 
 
Conceptual Framework 
 
CTR arises from the uncertainty associated with the shift to a low-carbon economy and the unpredictable 
nature of climate policies and regulations.  Its impact on financial markets is highly dependent on this 
phenomenon’s complexity and multifaceted nature.  According to Pástor and Veronesi (2012, 2013), there 
are two main sources of CTR:  political risk, stemming from uncertainty about the timing of regulatory 
changes, and impact risk, which relates to the potential effects of these changes on businesses’ 
profitability.  
 
The review of existing literature reveals conflicting evidence regarding how financial markets assign value 
to CTR.  For instance, while some studies indicate a positive carbon risk premium for firms with higher CO2 
emissions, others find no significant or negative premium.  These inconsistencies are primarily due to 
varying methodological approaches and the (generally linear) treatment of risk indicators.  Furthermore, 
climate policy uncertainty plays a crucial role in financial market dynamics and affects asset valuation 
significantly (e.g., Engle et al., 2020; Bolton and Kacperczyk, 2021; Ilhan et al., 2021; Garcia-Jorcano et al., 
2022).  To accurately assess CTR, we must adopt more flexible methodologies and identify dependable 
proxies.  The main literature suggests a strong interplay between climate policies and carbon pricing 
mechanisms, underscoring the intricate relationship between regulatory actions and market behaviors 
(see Song et al., 2018; Ren et al., 2023).  Hoque and Batabyal (2022) observe that climate policy uncertainty 
notably influences carbon prices in the EU-ETS market, particularly at extreme quantiles.  Su et al. (2024) 
identify a nonlinear and asymmetric relationship across various time scales, impacted by technology 
innovation, investment, output, and energy.  This suggests that EU carbon prices signal climate-related 
risk.  
 
We categorize three shocks impacting carbon prices (see Figure 1 on the next page).  Type A shocks include 
major climate news significantly impacting markets, policies, or public opinion. Type B shocks come from 
regulatory changes aimed at aligning the EU-ETS market with climate policies to help carbon prices better 
reflect investors’ expectations of CTR.  Type C shocks introduce a key issue of endogeneity, as they are due 
to demand shocks that relate to changes in production and demand for emission allowances, thus affecting 
carbon prices.  We are interested in type A shocks that we assume are the main causes of extreme changes 
in carbon prices, highlighting higher CTR.  To avoid endogeneity concerns, we focus our analysis on firms 
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in the U.S. market as EU carbon prices, as they are not directly affected by U.S. economic activity (see 
Garcia-Jorcano et al., 2022; Hengge et al., 2023). 
 
Figure 1 
Conceptual Framework 
 

 
 
 

We first filter out the influence of systematic risk factors unrelated to CTR by estimating the following 
Fama-French 5-factor model for both industry returns (𝑟𝑟𝑖𝑖,𝑡𝑡)  and carbon returns (𝑟𝑟𝐶𝐶02,𝑡𝑡):  
 
          (𝑟𝑟𝑖𝑖,𝑡𝑡 − 𝑟𝑟𝑓𝑓,𝑡𝑡) = 𝛼𝛼𝑖𝑖 + 𝛽𝛽𝑚𝑚,𝑖𝑖(𝑟𝑟𝑚𝑚,𝑡𝑡 − 𝑟𝑟𝑓𝑓,𝑡𝑡) + 𝛽𝛽𝑠𝑠,𝑖𝑖𝑆𝑆𝑆𝑆𝐵𝐵𝑡𝑡 + 𝛽𝛽ℎ,𝑖𝑖𝐻𝐻𝐻𝐻𝐿𝐿𝑡𝑡 + 𝛽𝛽𝑟𝑟,𝑗𝑗𝑅𝑅𝑅𝑅𝑊𝑊𝑡𝑡 + 𝛽𝛽𝑐𝑐,𝑖𝑖𝐶𝐶𝐶𝐶𝐴𝐴𝑡𝑡 + 𝜀𝜀𝑖𝑖,𝑡𝑡,       (1) 

 
where 𝑟𝑟𝑓𝑓,𝑡𝑡  is the risk-free rate, 𝑟𝑟𝑚𝑚,𝑡𝑡 is the market return, and 𝑆𝑆𝑆𝑆𝐵𝐵𝑡𝑡, 𝐻𝐻𝐻𝐻𝐿𝐿𝑡𝑡, 𝑅𝑅𝑅𝑅𝑊𝑊𝑡𝑡 and 𝐶𝐶𝐶𝐶𝐴𝐴𝑡𝑡 are the size, 
book-to-market, profitability, and investment factors; we compute 𝜀𝜀𝑖𝑖,𝑡𝑡 and 𝜀𝜀𝐶𝐶𝑂𝑂2,𝑡𝑡, which are the industry 
𝑖𝑖 and carbon factor-adjusted returns (we will refer to them as industry and carbon returns for simplicity), 
and specify the following model:  

 
 𝜀𝜀𝑖𝑖,𝑡𝑡 = 𝛾𝛾𝑖𝑖,𝑡𝑡 + 𝛽𝛽𝑖𝑖,𝑡𝑡

𝑠𝑠𝑖𝑖,𝑐𝑐𝜀𝜀𝐶𝐶𝑂𝑂2,𝑡𝑡 + 𝑒𝑒𝑖𝑖,𝑡𝑡    for    𝜀𝜀𝐶𝐶𝑂𝑂2,𝑡𝑡 ∈ 𝑐𝑐, (2) 

 
where 𝑒𝑒𝑖𝑖,𝑡𝑡 is the error term.  𝛽𝛽𝑖𝑖,𝑡𝑡

𝑠𝑠𝑖𝑖,𝑐𝑐 is the time-varying TCaRE considering different extreme situations 
denoted by superscripts 𝑐𝑐 = 𝐿𝐿𝑐𝑐,𝑅𝑅𝑐𝑐 and  𝑠𝑠𝑖𝑖 = 𝐿𝐿𝑖𝑖 ,𝑅𝑅𝑖𝑖. 𝑐𝑐 = 𝐿𝐿𝑐𝑐, is characterized by extremely low carbon 
returns, located in the left tail of the marginal distribution (𝜀𝜀𝐶𝐶𝑂𝑂2,𝑡𝑡 ≤ 𝑞𝑞𝜀𝜀𝐶𝐶𝑂𝑂2,𝑡𝑡

𝜃𝜃 );1 the second, 𝑐𝑐 = 𝑅𝑅𝑐𝑐, is 
characterized by extremely high carbon returns, located in the right tail of the marginal distribution 
(𝜀𝜀𝐶𝐶𝑂𝑂2,𝑡𝑡 > 𝑞𝑞𝜀𝜀𝐶𝐶𝑂𝑂2,𝑡𝑡

(1−𝜃𝜃)).  The extreme situations in industry returns (𝑠𝑠𝑖𝑖 = 𝐿𝐿𝑖𝑖 ,𝑅𝑅𝑖𝑖) are defined in the same way.  
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So, we define TCaRE in four scenarios by combining 𝑠𝑠𝑖𝑖 and 𝑐𝑐, capturing potential asymmetries across 
combinations of carbon and stock market situations.  For simplicity, we only present the TCaRE estimator 
in the (𝐿𝐿𝑖𝑖,𝐿𝐿𝑐𝑐) joint tail, 𝛽𝛽𝑖𝑖,𝑡𝑡

𝐿𝐿𝑖𝑖,𝐿𝐿𝑐𝑐:2  

 𝛽̂𝛽𝑖𝑖,𝑡𝑡
𝐿𝐿𝑖𝑖,𝐿𝐿𝑐𝑐 = 𝑠̂𝑠𝑖𝑖(𝜃𝜃)𝜉𝜉�𝐶𝐶𝑂𝑂2,𝑡𝑡

𝑞𝑞�𝜀𝜀𝑖𝑖,𝑡𝑡
𝜃𝜃

𝑞𝑞�𝜀𝜀𝐶𝐶𝑂𝑂2,𝑡𝑡
𝜃𝜃  (3) 

 
where 𝑠̂𝑠𝑖𝑖(𝜃𝜃) estimates the industry i - carbon returns dependence, 𝜉𝜉𝐶𝐶𝑂𝑂2,𝑡𝑡 estimates the dynamic carbon 
tail index, and 𝑞𝑞�𝜀𝜀𝑖𝑖,𝑡𝑡

𝜃𝜃  and 𝑞𝑞�𝜀𝜀𝐶𝐶𝑂𝑂2,𝑡𝑡
𝜃𝜃  are dynamic estimators of the 𝜃𝜃 −quantiles from the Symmetric Absolute 

Value - Conditional Autoregressive Value at Risk model (𝑆𝑆𝑆𝑆𝑆𝑆 − 𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶):  
 

 𝑞𝑞𝑗𝑗,𝑡𝑡
𝜃𝜃 = 𝛿𝛿0𝜃𝜃 + 𝛿𝛿1𝜃𝜃  𝑞𝑞𝑗𝑗,𝑡𝑡−1

𝜃𝜃 + 𝛿𝛿2𝜃𝜃|𝜀𝜀𝑗𝑗,𝑡𝑡−1| + 𝜂𝜂𝑗𝑗,𝑡𝑡
𝜃𝜃  (4) 

 
where 𝑗𝑗 denotes either industry 𝑖𝑖 returns or carbon returns (Engle and Manganelli, 2004). 
 
Results 
 
We estimate TCaRE for the U.S. stock market at the industry level by analyzing daily prices of 58 industry 
indices from 2009 to 2023 and using EU-ETS daily carbon prices.  Results on the estimated dynamic tail 
exposure to CTR in the four tails of the stock and carbon returns joint distribution provide interesting 
insights.  First, the four estimated TCaREs show considerable variation over time and across industries, 
indicating various levels of exposure to CTR for different dynamically changing industries.  Over time, the 
energy sector consistently shows the highest sensitivity to CTR across all extreme return situations.  The 
period with the highest TCaRE values is between 2015 and 2016, reflecting the impact of the Paris 
Agreement, signed on December 12, 2015, and entered into force on November 4, 2016.  Comparing the 
results across the different tails of the joint distribution, we observe limited sensitivity to specific 
combinations of extreme events, except in the energy sector, which shows a wider dispersion across 
extreme situations, with the left-left tail having the highest TCaRE.  As an illustration of the results, Figure 
2 on the next page shows the estimated TCaRE for the left-left tail case. 
 
To assess the effectiveness of TCaRE in capturing the exposure to CTR, we estimate a panel data model 
incorporating a comprehensive set of industry-specific factors, climate policy indicators, and control 
variables.  Results, presented in Table 1 below, reveal that TCaRE reflects a complex interplay of these 
factors, including industry characteristics related to their exposure to CTR, such as fluctuations in CO2 
emissions,3 R&D investments, and climate beta (as proposed by Jung et al., 2021), as well as industry 
dynamics, climate events (such as the release of Todd Stern’s statement in September 2009,4 the Paris 
Agreement at the end of 2015, and the Trump-Paris Agreement withdrawal in 2017), and broader market 
trends.  Consequently, TCaRE is intricately linked to specific and systematic climate change risks, which 
may contribute to a risk premium in the cross-section of returns.  
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Figure 2 
Time Series of the Dynamic TCaRE Estimated in the Left-Left Tail of the Joint Distribution of Industry and Carbon 
Returns 
 

 
 
Note:  The black line is the median value of each day across industries, and the grey shaded area covers the distance between 
the 95%-quantile and the 5%-quantile across industries. 
 
 

We also document that TCaRE is effectively priced in the stock market (see Table 2 below).  We find a 
complex nonlinear relationship between the exposure to CTR, and industry returns, with factors such as 
carbon reduction efforts, attention to climate change, and COVID-19 modulating the pricing of CTR in 
industry portfolios.  These insights suggest that climate transition risk has become a relevant risk factor in 
U.S. stock market valuations, particularly in recent years.  Industries in more polluting sectors that are 
highly exposed to CTR, according to TCaRE, have higher expected returns than those less exposed.  
Investors seem to use less exposed assets to hedge against climate risks.  
 
Conclusions 
 
This paper introduces the TCaRE daily risk metric to evaluate stock returns’ exposure to climate transition 
risk (CTR).  It quantifies CTR by analyzing how expected return-carbon-risk relationships change during 
extreme fluctuations in carbon allowance prices.  Utilizing a multifactor pricing model and a dynamic tail-
beta estimator, the study examines four scenarios of significant returns in equity and carbon markets.  We 
apply TCaRE to assess the changing exposure of 58 U.S. industries to CTR in the EU-ETS carbon market 
from 2009 to 2023. 
 
The TCaRE analysis reveals significant temporal and industry-specific variations, underscoring the energy 
sector’s consistently high sensitivity to climate risk (CTR) across various extreme scenarios.  Notably, TCaRE 
values peaked following the adoption of the Paris Agreement.  The analysis demonstrates TCaRE’s ability 
to capture the intricate interactions between CTR sources — such as CO2 emissions fluctuations and R&D 
investments at the industry level — and climate policy events at the market level.  Additionally, TCaRE is 
shown to be priced in the stock market, indicating a complex, nonlinear relationship between CTR 
exposure and industry returns, influenced by factors like carbon reduction initiatives, climate awareness, 
and the COVID-19 pandemic.  Industries with higher CTR exposure expect greater returns, suggesting that 
investors see less exposed assets as safer against climate risks, supporting the Pástor et al. (2021) model. 
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Table 1 
Panel Data Models to Explain the Annual Industry Average TCaRE in the (𝑳𝑳𝒊𝒊,𝑳𝑳𝒄𝒄) Tail 
 

 
 
Notes:  Annual data from 2010 to 2022 for 38 industries (N=494) with industry-fixed effects.  In parentheses, p-values are based 
on the Newey-West robust covariance matrix. Δ(S1+S2) is the growth rate in emissions, where S1 and S2 are Scope 1 and Scope 
2 (in metric tons of CO2) of industry i over the size of the industry proxied by its market value.  JEB-Climate Beta is the one 
proposed by Jung et al. (2021), ΔR&D is the change in the R&D expenditure ratio of the industry; Size is the industry market 
value over the total market value in the year. Todd Stern’s statement, the Paris Agreement (PA) and the Trump-Paris Agreement 
withdrawal are dummies equal to 1 in 2009-10, in 2015-16, and in 2017, respectively, and zero otherwise. COVID-19 equals 1 
in 2020 and zero otherwise.  VIX is the annual average of the VIX index, ΔU.S. CCI is the growth rate of the U.S. Climate Change 
Index from Google Trends (CCI), ΔCPU is the growth rate in the Climate Policy Uncertainty Index by Gavriilidis (2021).  *, **, and 
*** indicate significance at the 10%, 5%, and 1% significance levels, respectively. 
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Table 2 
Panel Data Models to Explain the Annual Average of Factor-Adjusted Industry Returns 
 

 
 
Notes:  Annual data from 2010 to 2022 for 50 industries (N=650) with industry and time-fixed effects (FE).  The method for 
computing the constant in the FE model follows the convention of Gould (2013).  Top equals 1 for industries in the top 20% of 
the highest TCaRE, zero otherwise.  Δ(S1+S2) is the same as in Table 1; the subscript indicates the year.  p-values based on 
Newey-West covariance matrix in parentheses. *, **, and *** indicate significance at the 10%, 5%, and 1%  levels, respectively. 
 
 

Our findings enhance our understanding of the carbon-related climate risk exposure at the industry and 
sector levels.  Identifying sectors sensitive to climate transition risk (CTR) and quantifying their exposure 
is vital for policymakers and investors.  A daily metric, like TCaRE, allows firms and regulators to assess CTR 
without relying on detailed environmental data.  This timely evaluation addresses the delays associated 
with annual reports, such as GHG, and can be applied to asset classes lacking fundamental information, 
like commodities and hedge funds.  TCaRE helps create equitable, CTR-aware investment portfolios and 
gives policymakers insights to identify vulnerable industries, shape effective climate policies, and promote 
green investments. 
 
 

Endnotes 
 
1 𝑞𝑞𝑥𝑥

𝑝𝑝 denotes the p – th quantile of x.  
 
2 Estimating the TCaRE for the other extreme situations − (𝐿𝐿𝑖𝑖 ,𝑅𝑅𝑐𝑐), (𝑅𝑅𝑖𝑖 , 𝐿𝐿𝑐𝑐) and (𝑅𝑅𝑖𝑖 ,𝑅𝑅𝑐𝑐) − requires properly rotating the joint 
distribution before applying the expression (3).  Thus, to estimate 𝛽𝛽𝑖𝑖,𝑡𝑡

𝑅𝑅𝑖𝑖,𝐿𝐿𝑐𝑐  we first multiply 𝜀𝜀𝑖𝑖,𝑡𝑡 by −1, for 𝛽𝛽𝑖𝑖,𝑡𝑡
𝐿𝐿𝑖𝑖,𝑅𝑅𝑐𝑐  we multiply 𝜀𝜀𝐶𝐶𝑂𝑂2,𝑡𝑡 

by −1, and for 𝛽𝛽𝑖𝑖,𝑡𝑡
𝑅𝑅𝑖𝑖,𝑅𝑅𝑐𝑐  we first multiply both variables by −1. 

 
3 CO2 emissions are measured as Scope 1 and Scope 2.  Scope 1 includes direct GHG emissions from owned or controlled 
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sources (e.g., on-site fuel combustion, company vehicles, or equipment).  Scope 2 covers indirect emissions from purchased 
energy generation, like electricity, heat, or cooling consumed by the firm. 
 
4 Todd Stern’s statement was a formal address delivered as the U.S. Special Envoy for Climate Change, where he updated the 
U.S. House Select Committee for Energy Independence and Global Warming on U.S. efforts to negotiate a comprehensive 
international climate agreement. He underscored the urgent need for robust emissions reduction targets and highlighted the 
challenges of reconciling divergent interests.  See Stern (2009). 
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