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A B S T R A C T   

The release of carbon dioxide into the atmosphere is the main driver of global warming and a 
threat that is becoming particularly important to the financial markets. The long-term, structural 
and systemic impact of global warming could damage the real economy and financial stability 
through different channels. This paper explores the co-movement between carbon price changes, 
as a short term indicator of global warming, and U.S. stock returns along the full conditional 
distribution of industry portfolios through a Carbon Dioxide Risk exposure measure, Co2Risk, 
inspired by the financial systemic risk literature. We find evidence of a sign-switching sensitivity 
at different quantiles, which implies that the uncertainty surrounding carbon risk seems to have 
an asymmetric impact on the industry conditional distributions. We find that drastic increases in 
carbon prices (positive changes in CO2 emissions) reduce the risk exposure during bear markets, 
but increase it during bullish scenarios. We also find that large polluter sectors show greater 
sensitivity to changes in carbon emissions.   

U.S. financial regulators must recognize that climate change poses serious emerging risks to the U.S. financial system, and they should 
move urgently and decisively to measure, understand, and address these risks. 

Rostin Behnam, Commissioner of the Commodity Futures Trading Commission, 
Climate-Related Market Risk Subcommittee, sponsor of the MRAC 

Managing Climate Risk in the U.S. Financial System Report, Washington 09, 2020 

1. Introduction 

The release of carbon dioxide into the atmosphere is the main driver of global warming and a threat that is becoming particularly 
important to the financial markets (see Cherubini et al., 2014; IPCC, 2013; Rogelj et al., 2019; IPCC, 2012, and references therein). The 

☆ The authors thank the Editor Maarten Van Aalst, an Associate Editor, and two anonymous Referees for the comments and suggestions 
provided. The authors acknowledge financial support from the Programa de Financiación de Proyectos Santander-Universidad Complutense de 
Madrid (PR108/20). M.-D. Robles also acnowledges financial support from the Ministry of Science and Innovation of Spain (PID2020-113367RB- 
100). 

* Corresponding author. 
E-mail addresses: Laura.Garcia@uclm.es (L. Garcia-Jorcano), juanangel@ccee.ucm.es (J.-A. Jimenez-Martin), mdrobles@ccee.ucm.es 

(M.-D. Robles).  

Contents lists available at ScienceDirect 

Climate Risk Management 

journal homepage: www.elsevier.com/locate/crm 

https://doi.org/10.1016/j.crm.2022.100435 
Received 15 June 2021; Received in revised form 9 March 2022; Accepted 21 April 2022   

mailto:Laura.Garcia@uclm.es
mailto:juanangel@ccee.ucm.es
mailto:mdrobles@ccee.ucm.es
www.sciencedirect.com/science/journal/22120963
https://www.elsevier.com/locate/crm
https://doi.org/10.1016/j.crm.2022.100435
https://doi.org/10.1016/j.crm.2022.100435
https://doi.org/10.1016/j.crm.2022.100435
http://creativecommons.org/licenses/by-nc-nd/4.0/


Climate Risk Management 36 (2022) 100435

2

long-term, structural and systemic impact of global warming could damage the real economy and financial stability through different 
channels (see Campiglio et al., 2018, and Network for Greening the Financial System – NGFS, 2019a,b). The first is physical risk, i.e., 
higher economic and financial losses due to more frequent and severe climate-related hazards as well as the long-term effects of 
changes in climate patterns that will lower the value of portfolios of different financial assets (equities, bonds, loans, etc.). The second 
is transition risk, i.e., the uncertain effects on the economic and financial systems from the transition to a low-carbon economy related 
to changes in regulation and in investors’ preferences (Campiglio et al., 2018). Once the threats from carbon dioxide emissions are fully 
incorporated into valuations and risk management, the reassessment of prospects could destabilize the financial market by lowering 
collateral values and prompting more stringent credit conditions (Carney, 2015). All in all, these climate risks would imply an increase 
in financial systemic risks and negative consequences for the whole economy in the form of lower growth and higher uncertainty. 

Understanding and assessing the short- and long-term effects of carbon emissions is crucial for managers, practitioners, and pol-
icymakers, who have frequently stressed how unprepared financial markets are to deal with climate change, warning that without an 
effective carbon pricing system, there will be no strong incentives to drive production, investment and consumption decisions towards 
low and zero-carbon options. The European Union Emission Trading System (EU-ETS), the largest international carbon market, has 
been extraordinarily successful at lowering emissions in Europe. In this sense, we can consider that the prices of CO2 emission al-
lowances give an economic signal and investors adjust their investment accordingly, while polluters decide for themselves whether to 
discontinue their polluting activity, reduce emissions, or continue polluting and pay for it. Therefore, a proper assessment of the risks 
associated with fluctuations in carbon prices (Barradale, 2014; Subramaniam et al., 2015, Jiao et al., 2018) can provide valuable 
information about the effects of carbon emissions. However, research on its effects on the financial markets has only recently gained 
momentum. Traditional financial models face problems in incorporating the impact of climate-change-related risks (Monasterolo and 
De Angelis, 2020; Bansal et al., 2019). This kind of risk is related to complex processes characterized by profound uncertainty and non- 
linearity (Ackerman, 2017, and NGFS, 2019a,b), and its most dire consequences will be realized in the future making it difficult to 
identify and assess them. The analysis of global warming effects related to carbon emissions involves non-normal probability distri-
butions with fat tails reflecting higher probabilities for extreme risks (Hjort et al., 2016). So, it is important to apply methods that 
properly deal with this complexity. 

In this paper, we study the impact of extreme changes in the prices of CO2 emission allowances on the value and risk of a wide range of 
different industries. We consider extreme fluctuations in carbon prices to act as a short-term indicator of global warming. We assume that a 
higher allowance price signals a higher level of CO2 emissions leading to higher carbon accumulation and, therefore, increasing the carbon- 
related climate risk. This could have an impact on firms’ returns through direct and indirect exposure channels. A higher level of pollution 
implies higher spending on capital, human and material resources being needed for firms to improve production technologies and reduce 
carbon emissions (Zhang et al., 2018). According to Hong et al. (2019), global warming can inflict significant damage on corporate profits 
that will be reflected in asset returns. It also causes more uncertain prospects for firms and the economy in the mid and long term. So, we will 
focus on the response to extreme changes in the prices of CO2 emission allowances of stock prices, which are a forward-looking measure of 
future prospects that considered in investors’ expectations about future economic conditions and their assessment of risks. 

Thus, we study the co-movement between carbon price changes and returns and focus the analysis on the tails of both variables 
where non-linearity and asymmetric behavior are more intense. Specifically, we aim to measure how extreme positive and negative 
changes in the price of CO2 emission allowances affect extreme industry returns. We propose a risk measure, the Carbon Dioxide Risk 
exposure, Co2Risk, inspired by the financial systemic risk literature (see Adrian and Brunnermeier, 2016; Caporin et al., 2021, and two 
excellent surveys by Acharya et al. (2016) and Benoit et al. (2017)). The main idea is to measure the contribution of CO2 emissions to 
industry risk based on its tail interdependence with the industry returns. We define Co2Risk as the extreme quantile of the industry 
return distribution conditional on heavy stress scenarios in the market for carbon allowances. This measure allows us to explore time- 
varying asymmetric risk spillovers between carbon returns and industry returns and the transfer mechanism between them. To 
compute the marginal contribution of carbon dioxide emissions to the risk exposure of financial markets, we compute ΔCo2Risk as the 
proportional change in Co2Risk as the returns of CO2 allowances move from mild to heavy stress scenarios. We relate heavy stress states 
to the occurrence of extreme carbon returns, either positive or negative, that we call green and brown states, respectively. A green state 
implies better environmental conditions due to lower emissions, which is signaled by extreme cuts in carbon prices, while the brown 
state implies worst environmental conditions due to higher emissions, which is signaled by extreme rises in carbon prices. We analyze 
the behavior at the lower and upper tails of the distribution of the industry returns conditional on both green and brown emission states, 
which implies analyzing tail dependence in four different scenarios determined by the four quadrants of the joint distribution of in-
dustry and carbon returns. 

We analyze the daily prices of 60 industry indexes pertaining to 11 different sectors of the S&P500 from January 2009 to March 
2020. To proxy carbon risk, we compute fluctuations in daily carbon prices from the CO2 emission allowance market. To avoid 
endogeneity, we decided to use the European Union Allowances (EUA) spot prices traded under the European Union Emission Trading 
System (EU-ETS). This is the largest carbon market internationally and leads in carbon pricing.1 Our sample period covers Phases II and 
III of the EU-ETS implementation.2 This allows us to consider the differences in the degree of development of the carbon market. Free 

1 Zhang and Zhang (2020) find a direct relationship between carbon markets in the US and Europe. They show a tail dependence structure with 
the same sign.  

2 The EU-ETS started in 2005 and has operated in different phases. The first phase, from 2005 to 2007, was a pilot to get the system up and 
running. The second phase, from 2008 to 2012, coincides with the Kyoto protocol’s first commitment period. Finally, the currently ongoing third 
phase runs from 2013 to 2020, which includes the Paris Agreement in 2015. 

L. Garcia-Jorcano et al.                                                                                                                                                                                              



Climate Risk Management 36 (2022) 100435

3

allowance allocation in Phase II had an impact on the effectiveness of the EU-ETS in the pricing for CO2 emissions (Joltreau and 
Sommerfeld, 2019) whereas the increased auctioning in Phase III and the increase in awareness among countries and investors of the 
risks associated with carbon emissions3 may have helped the EU-ETS to function more efficiently in pricing carbon. Our main con-
clusions confirm the difference in the industry return response to extreme changes in the price of the CO2 emission allowances in the 
two phases, being stronger during Phase III. 

Previous empirical analyses (see Zhang et al., 2018 for references) show that the impact of the carbon market on corporate value 
depends mostly on different phases, specific sectors, or even company-specific characteristics. Our preliminary analysis also indicates a 
low level of positive linear correlation between carbon returns and industry returns ranging between 0.08 and 0.19 for the full period 
and confirmed by non-parametric statistics. The dynamic conditional correlation estimated using DCC-GJR-GARCH(1,1) models shows 
positive co-movements until the last period, from late 2017, when they became negative. The Energy sector, known for large capital 
expenditures, research and development spending, and legal expenses, shows positive co-movements throughout the full period, which 
is a symptom of the large sensitivity to changes in the carbon emission scenarios. Research and development spending has been used to 
fund the adaptation to the changing environmental policy. Dynamic correlations also show evidence of CO2 emissions being somewhat 
related to higher levels of economic activity, which is believed to be good for stock returns, especially for the Energy sector, in line with 
the literature (Jong et al., 2014; Keppler and Cruciani, 2010, and Da Silva et al., 2016). 

We also explore nonlinearities and heavy tails in the distribution of both return series by analyzing the co-movements in higher- 
order moments. The negative co − skewness found between the industry and carbon returns reflects a tendency of the two variables to 
undergo extreme deviations, one negative and the other positive. It is as if the increasing carbon prices have a negative impact on 
company valuation. We also find that left is larger than the middle and right co − kurtosis, which implies that the contribution of carbon 
returns to the kurtosis of the joint distribution is larger than the industry returns contribution. In general, high co − kurtosis implies a 
higher probability of extreme observations in both returns, whatever the sign. The higher left co − skewness is found in the Energy, 
Consumer Discretionary, and Consumer Staples sectors (-0.28, − 0.26, and − 0.26 respectively). Left co − kurtosis is remarkably large for 
the Consumer Discretionary, Energy, and Financial sectors (4.36, 4.36, and 3.58 respectively). The low co − skewness and high 
co − kurtosis found in the preliminary analysis make the increasing prices of carbon, signaling higher CO2 emissions, undesirable and 
consequently will have an impact on the valuation of companies that are highly sensitive to such an effect. 

The analysis of the lower and upper tails of industry returns conditional on both green and brown carbon emission states confirms 
the asymmetric dependence. We find that the sensitivity of industry extreme returns to carbon returns estimated through quantile 
regression is mainly positive at the left tail and negative at the right. In the first case, investors seem to demand a carbon risk premium 
whereas in the latter investors prefer to divest to avoid the negative effects on profitability of expected expenses related to higher CO2 
emission allowance costs or to higher investment to reduce emissions. Co2Risk results point to the fact that extreme declines in the 
price of CO2 emission allowances (green scenarios) cause fat-tail outcomes, which is evidence of the contribution of carbon uncertainty 
to the tail risk. Extreme positive returns are lower when the carbon market points to higher carbon emissions that worsen climate 
conditions than when it signals lower pressure across industries in both Phases (II and III) of EU-ETS implementation. 

The upside and downside ΔCo2Risk provide interesting insights. During Phase III, the marginal contribution of sharp changes in the 
price of CO2 emissions to the risk exposure of investor holding portfolios is much larger in the right (8.2%) than in the left (5.7%) tail. 
This result reinforces the existence of an asymmetric reaction of investors according to the mood of the stock market. 

Our paper adds new evidence to the sparse but growing literature that analyzes the links between the CO2 emission allowances 
market and financial markets (e.g., Jiménez-Rodríguez, 2019; Zhu et al., 2018).4 We contribute in several ways. First, by proposing a 
tool to measure the short-term impact of extreme fluctuations in carbon prices on the stock market. Several papers have attempted to 
evaluate the impact of long-term climate change on the financial system (e.g., Battiston et al., 2017; Roncoroni et al., 2021). Our 
proposal allows investors to incorporate climate-related risks into their short-term assessments, helping to solve the timing mismatch 
between climate impacts and the commonly short-term horizon in financial decision making (see Carney, 2015; Monasterolo, 2020, 
inter alia). We also provide a risk metric, Co2Risk, that is relevant for financial regulation in line with the systemic risk metric of 
financial institutions proposed by Adrian and Brunnermeier (2016).5 

Second, we contribute by exploring the industry returns behavior in two extreme scenarios, that signal low and high pressure on 
climate risk determined from the carbon market. In this way, we consider a climate risk transmission channel through carbon risk that 
is useful to portfolio managers and regulators who need to evaluate different strategies under extreme carbon-risk situations. Battiston 

3 For instance, Monasterolo and De Angelis (2020) find that after the Paris Agreement investors began to show a higher preference for low-carbon 
investments.  

4 Other studies focus on the EUA price drivers (e.g., Creti et al., 2012; Koch et al., 2014; Rickels et al., 2015). They commonly proxy economic 
activity with a stock market index.  

5 Other related papers focus on determining how financial markets price carbon risk. (See World World Bank, 2019 and Breitenstein et al., 2021, 
for recent reviews). For instance, Oestreich and Tsiakas (2015) propose dirty-minus-clean portfolios for different European countries, Görgen et al. 
(2020) propose a Fama–French-type model to include a brown-minus-green risk factor, Engle et al. (2020) analyze how Physical climate risks impact 
asset prices, Barnett et al. (2020) propose a DSGE to incorporate climate uncertainty in the pricing process, Hao et al. (2018) include a carbon risk 
factor in a multifactor pricing model, Bolton and Kacperczyk (2021) explore the investors’ awareness about carbon risk through different carbon 
emission intensity scopes, Krueger et al. (2020) find that large institutional investors treat climate concerns as relevant factors in the investment 
decisions, Monasterolo and De Angelis (2020) study the risk premium for carbon-intensive assets, and In et al. (2017) analyze links between carbon 
intensity, firm characteristics, and stock market returns at the firm level. 
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et al. (2017) test the impact of long-term climate transition scenarios in financial risk assessment at the portfolio level. Dietz et al. 
(2016) also quantify the present value of losses in global financial assets under different long-term climate change scenarios. We find 
asymmetric responses to extreme movements in CO2 prices that signal the green vs the brown state. We also find different industry 
return sensitivities to carbon risk under bear and bull markets. In this sense, ours is one of the few attempts to consider asymmetries in 
the relationship between the CO2 allowances market and the stock market. 

Our third contribution relies on exploring the joint tail risk dynamics of carbon and stock returns in a wide set of industries that 
cover all dimensions of economic activity and that show different exposures (and contributions) to carbon emissions. The literature has 
mainly focused on single sectors such as electricity or energy (e.g., Oberndorfer, 2009, Keppler and Mansanet, 2010; Keppler and 
Mansanet, 2010, Adrian and Brunnermeier, 2016; Bernardini et al., 2021; ; Ji et al., 2018, Ji et al., 2019) or has focused on the carbon 
price response to changes in the market index, used as a proxy for economic activity (e.g., Jiménez-Rodríguez, 2019). The connections 
between carbon returns and non-energy sectors are mostly unexplored. Carbon risk, and therefore climate change risk, exposes 
companies to unprecedented risks that could disrupt their investments, operations, and returns. We find that carbon risk effects differ 
across sectors, pointing to the differences in their level of carbon dependence and intensity, their exposure to global warming, their 
degree of commitment to implement strategies to reduce emissions, etc. as the main causes. Overall, our results highlight the complex 
nature of the relationship between carbon returns and stock returns at the industry level. We find that sectors commonly classified as 
high-polluters, such as the Energy, Materials, and Industrial sectors, are among the most exposed to changes in the carbon risk state. In 
addition, the Financial and Real Estate sectors rank high in the list of most exposed, for the first of these due to their indirect exposure 
through investment, insurance and lending to high polluter sectors and for the second of these through exposure to the physical risk 
that affects real estate values (Shi and Varuzzo, 2020). 

The remainder of the paper is organized as follows. In the next section, we provide a framework to measure the CO2 risk of a 
portfolio. The third section presents the data used in the empirical analysis and a preliminary analysis. Section 4 presents and discusses 
the main empirical results. Finally, Section 5 concludes. 

2. Measuring carbon dioxide risk exposure: Co2Risk 

To measure the co-movements between industry risks and changes in carbon-related risks, we rely on the literature on risk 
transmission in financial markets (see Acharya et al., 2016; Benoit et al., 2017, for recent surveys). We propose the Co2Risk for 
measuring tail dependence in the spirit of the conditional value at risk of Adrian and Brunnermeier (2016). Co2Risk measures the 
dependence between the risk in the industry and extreme changes in the prices of CO2 emission allowances, which is interpreted as 
how the industry’s extreme profits/losses behave under severe movements in the price of carbon emissions. Under the assumption that 
investors will perceive extreme changes in carbon prices as signals of variations in the level of CO2 emissions, we interpret large 
increases (decreases) in carbon returns as an indication of higher (lower) emissions and, therefore, higher (lower) pressure on climate 
risk. 

Given the returns ri,t of the i-th industry, we know that the τ-quantile of its marginal distribution, qτ(ri,t), is given by Pr
(

ri,t⩽qτ(ri,t)
)

= τ. Similarly, we define the Co2Risk as the τ-quantile of ri,t conditional on the market for carbon emissions being under stress as6 

Definition 1. Co2Riski|V(CO2)
t,τ is the τ-quantile of the i-th industry conditional on a state of CO2 emissions, V(CO2). That is, 

Co2Riski|V(CO2)
t,τ is implicitly defined by the τ-quantile of the conditional distribution: 

Pr
(

ri,t

⃒
⃒
⃒V
(

CO2

)
⩽Co2Riski|V(CO2)

t,τ

)
= τ (1) 

Co2Riski|V(CO2)
t,τ measures the dependence of the i-th industry on extreme changes in returns on CO2 at any quantile τ properly chosen. 

In our case, we are interested in capturing the industry tail risk response to large changes in prices in the market for carbon emissions, 
so we focus on the extreme conditional τ-quantiles, in particular, τ = 0.05, which represents extreme losses (downside risk) and τ =

0.95, which implies extreme profits (upside risk). 
We will compute Co2Riski|V(CO2)

t,τ conditional on two extreme states of carbon returns, rCO2 ,t , our proxy for changes in climate risk: the 
brown state, characterized by extreme positive fluctuations in the prices of CO2 emission allowances, and the green state, characterized 
by extreme negative fluctuations.7 We use the θ-quantile of the distribution of carbon returns (Pr

(
rCO2 ,t⩽qθ(rCO2 ,t)

)
= θ) to define both 

states, so the green state represents a situation with low pressure on climate risk due to low CO2 emissions and will occur when the 
carbon returns are at their θ = 0.05 quantile. Analogously, the brown state represents a high pressure on climate risk and will occur 
when the carbon returns are at their θ = 0.95 quantile.8 Notice that the selected values of τ and θ allow us to explore the extreme tails of 
the conditional distribution and to identify the existence of asymmetries in the industry-carbon returns relationship such as the 
dependence of different signs at the lower and upper tails of the conditional distribution. 

6 The definition of Co2Risk can be easily generalized to consider single firms, portfolios, or market returns.  
7 Notice that Eq. (1) is a general definition that can be easily applied to different proxies for changes in climate risk, V(CO2).  
8 Regarding the choice of τ and θ we have adopted a standard confidence level. We also analyze more extreme conditional events by defining the 

green and brown states with θ = 0.01 and θ = 0.99 respectively. The results, available upon request, are mostly the same. 
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We finally determine the contribution of the improvement (or deterioration) in CO2 emissions to the tail risk of the i-th industry. To 

do so, we propose comparing Co2Riski
t,τ,θ = Co2Riski|rCO2 ,t=qθ(rCO2 ,t)

t,τ under two different climate risk states using ΔCo2Risk, defined as. 

Definition 2. ΔCo2Riski
t,τ,θ is the percentage change between Co2Riski

t,τ,θ under a heavy stress climate risk scenario identified with 
extreme changes in the price of CO2 emission allowances, either green, when θ = 0.05 or brown, when θ = 0.95, and Co2Riski

t,τ,θ under a 
light stress climate risk scenario associated with returns on CO2 emission allowances that fluctuate around their median value, θ =

0.5: 

ΔCo2Riski
t,τ,θ = 100 ⋅

Co2Riski
t,τ,θ − Co2Riski

t,τ,0.5

Co2Riski
t,τ,0.5

(2) 

Thus, ΔCo2Riski
t,τ,θ captures the responsiveness of the downside/upside risk returns of the i-th industry that can be attributed to an 

extreme deterioration/improvement in climate conditions as measured by an extreme negative/positive change in the prices of CO2 

emission allowances. 

2.1. Estimation strategy 

We use quantile regression to estimate the Co2Risk measure following a three-step strategy. First, we estimate the θ-quantile of 
carbon returns, qθ(rCO2,t

), in a conditional autoregressive value at risk (CAViaR) model (see Engle and Manganelli, 2004): 

qθ

(
rCO2,t

)
= αθ + β1,θ qθ

(
rCO2,t− 1

)
+ β2,θ

⃒
⃒
⃒rCO2,t− 1

⃒
⃒
⃒+ ∊θ,t (3)  

where αθ, β1,θ, β2,θ, are the parameters and ∊θ,t is the error term. This Symmetric Absolute Value (SAV) specification includes the 
autoregressive component qθ(rCO2 ,t− 1) that allows us to smooth the changes in the estimated quantiles over time, thereby capturing 
their heteroskedasticity. The model in Eq. (3) implies a direct response of the quantiles to the returns process, treating the effect of 
positive and negative carbon returns on quantiles symmetrically. 

Second, we estimate the next quantile regression model for the τ-th conditional quantile of industry returns, qτ(ri,t): 

qτ

(
ri,t

)
= δi

τ + λi
τrCO2 ,t− 1 + ξi

τ,t, i = 1,…,N (4)  

where the parameters, δi
τ and λi

τ, and the error term, ξi
τ,t are industry-i specific. We use lagged carbon returns, rCO2 ,t− 1, in Eq. (4) to avoid 

possible simultaneity problems. The λi
τ parameter measures the sensitivity of the τ-th conditional quantile of industry returns to 

changes in carbon returns, our proxy for changes in climate risk. A positive (negative) value indicates that returns at the τ-quantile 
increase (decrease) when climate risk increases. Significant differences in λi

τ across quantiles can indicate asymmetries in the condi-
tional distribution, the most extreme case being when the sensitivity parameter has a different sign in each tail. A positive λ implies that 
extreme increases in CO2 emission allowance prices seem to be perceived by investors as a signal of increasing carbon emissions, which 
increases the carbon risk premium and the investors’ demands for compensation for their exposure to carbon emission risk, and 
therefore prices should increase. This is referred to as the carbon risk hypothesis. A negative λ would suggest that an extreme increase in 
the CO2 emission allowance prices (that signals high pollution intensity and a worsening climate risk) indicates inefficiencies in firms’ 
production processes and the market will anticipate lower expected returns. Companies will have to spend more capital, human and 
material resources on improving production technology aimed at reducing carbon emissions. This action will reduce profits in those 
companies, causing stock returns to fall. Differences in the magnitude of λ (for the same sign) imply differences in investors’ per-
ceptions about the impact of changes in climate risk on their portfolios. 

We apply the quantile regression method used by Koenker and Bassett Jr (1978) to estimate parameters in Eqs. (3) and (4) and use 
bootstrapped standard errors estimated by the xy-pair method or design matrix bootstrap (see Kocherginsky, 2003).9 

We finally compute the time varying Co2Riski
t,τ,θ in the extreme climate risk states, by substituting the q̂θ(rCO2 ,t) values estimated 

from Eq. (3) into Eq. (4) as 

Co2Riski
t,τ,θ = δ̂

i
τ + λ̂

i
τ q̂θ

(
rCO2,t

)
(5) 

Therefore, Co2Riski
t,τ,θ represents the τ-th quantile of the i-th industry conditional on the CO2emission allowance returns being in 

their θ-th quantile. 
To assess the response of the tail risk of the i-th industry to an improvement/deterioration in climate risk that leads to entering a 

9 This method requires constructing a given number of samples (B), usually with the same size as the original dataset, where each sample is 
obtained by a random sampling procedure with replacement from the original dataset. The resampling procedure is simultaneously applied to the ri 

and rCO2 vectors. Eq. (4) is estimated for the B bootstrap samples. The standard error of the vector of the parameter estimated in the B bootstrap 
samples is the estimate of the quantile regression standard error. 
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green or brown state, i.e., the ΔCo2Riski
t,τ,θ defined in Eq. (2), we compute the Co2Riski

t,τ,θ under a light stress climate risk scenario 
associated with returns on CO2 emission allowances around the median value, θ = 0.5, using Eqs. (3) and (4): 

Co2Riski
t,τ,0.5 = δ̂

i
τ + λ̂

i
τ q̂0.5

(
rCO2 ,t

)
(6) 

Finally, we compute ΔCo2Riski
t,τ,θ defined in Eq. (2) from Eqs. (5) and (6) as10 

ΔCo2Riski
t,τ,θ = 100 ⋅

λ̂
i
τ
[
q̂θ
(
rCO2 ,t

)
− q̂0.5

(
rCO2 ,t

)]

δ̂
i
τ + λ̂

i
τ q̂0.5

(
rCO2 ,t

) (7) 

According to Eq. (7), a positive value of ΔCo2Riski
t,τ,θ indicates that an extreme movement in the prices of CO2 emission allowances 

contributes to moving the quantile of the industry returns to the left (i.e., more negative) at the lower tail of the distribution and to the 
right (i.e., more positive) at the upper tail. A negative value indicates that those quantiles will decrease in absolute value (i.e., become 
less negative at the left tail of industry returns and less positive at the right one). 

To study the four different scenarios in which we are interested, we compute Eq. (3) to Eq. (7) for the following values of τ and θ,  

• Extreme downside (τ = 0.05) and upside (τ = 0.95) industry risks conditional on a green state (θ = 0.05)  
• Extreme downside (τ = 0.05) and upside (τ = 0.95) industry risks conditional on a brown state (θ = 0.95) 

3. Data and preliminary analysis 

We gathered daily European Union Allowances spot prices (EUA prices) from 01/16/2009 to 03/27/2020 (2921 daily observa-
tions) from the European Energy Exchange, the world’s largest emission allowance market to date that covers almost half of the EU’s 
total carbon dioxide emissions. The sample period covers Phase II (PII) and Phase III (PIII) of the EU-ETS. We proxy climate risk by 
using carbon returns (EUA returns).11 The rationale is that higher EUA returns are a signal of higher pressure on the climate, as they 
indicate higher demand for CO2 emissions leading to higher carbon accumulation and increased climate risks. 

The top panel in Fig. 1 shows EUA prices. The price fell below €8 in February 2009 before rising to around a range of €15 to €17 
until mid-Jun 2011 when it begins to decrease. In the following years until 2018, covering the Kyoto Protocol commitment period 
(until 2012) and for a large part of the PIII period, prices remained low.12 The European Commission reformed the EU-ETS to address 
the imbalance of demand and supply (European European Commission, 2014) and prices increased sixfold, from €5 for most of the PIII 
period to about €30 in the first half of 2019. In the fourth trading period (latter half of 2019 to 2020) the price fell to below €17 due to a 
further strengthening of reduction targets and a limitation on the use of international carbon credits. The most notable reform is the 
introduction of the Market Stability Reserve, which acts as a central bank and either injects or withdraws liquidity to stabilize prices. 
The bottom panel shows EUA returns from 01/19/2009 to 03/27/2020. They fluctuate from − 20% to 20%, the minimum occurred in 
the latter half of 2018 and the maximum in early 2013. 

We also gathered daily global equity index prices for 60 industries belonging to 11 sectors of the S&P500 index from the Thomson 
Reuters Datastream. Industries and sectors were classified according to the Global Industry Classifications Standard (GICS) of Standard 
& Poors. Table 1 shows the distribution of industries across the 11 sectors: Energy (2 industries), Materials (4), Industrials (11), 
Consumer Discretionary (11), Consumer Staples (6), Health Care (6), Financials (5), Information Technology (6), Communication 
Services (3), Utilities (4) and Real Estate (2). 

Table 2 summarizes the descriptive statistics of returns averaged across sectors for the full sample period and for each phase. In 
general, returns exhibit the common stylized features: mean and median close to zero, excess kurtosis, and a mild degree of skewness. 
For the full sample, the Real Estate, Financial, and Energy sectors show the greatest volatility while Consumer Staples and Commu-
nication are the least volatile. The Energy sector has the highest negative skewness while Utilities has a slight positive skewness. The 
Energy and Financial sectors have the highest kurtosis, while Materials has the lowest. Focusing on the different phases, for all sectors 
daily returns in Phase II show more volatility than those in Phase III, except for the Consumer Staples sector. In contrast, in Phase II the 
skewness is more negative than in Phase III except for Utilities, which became positive. All kurtosis coefficients are higher in Phase III 
than in Phase II, implying distributions with thicker tails than the Gaussian distribution. The range max − min is also larger during 
Phase III. Finally, EUA returns are more volatile than industry returns and present negative skewness in Phase III and positive skewness 
in Phase II. Moreover, EUA returns present less kurtosis than industry returns, being higher in Phase III. 

10 This ΔCo2Riski
t,τ,θ measure is calculated daily so it is a very short-term measure. It can be easily calculated to other time horizons.  

11 We compute returns as rt = log(Pt/Pt− 1) ⋅ 100, where Pt is the price at t.  
12 According to Koch (2014), low prices are the result of i) low demand for permits due to the economic crisis (Aldy and Stavins, 2012, and 

European Commission, 2019), ii) competing policies that aim to reduce carbon emissions (Fankhauser et al., 2010; Van den Bergh et al., 2013, and 
Weigh et al., 2013), and iii) allowances from international offset schemes like the Clean Development Mechanism (Newell et al., 2014; Ranson and 
Stavins, 2016). 
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3.1. Preliminary analysis 

We analyze the co-movement between industry and EUA returns using static and dynamic correlations, co − skewness, and 
co − kurtosis to gain greater insights. For the static analysis, we compute Pearson’s correlation coefficient and two nonparametric 
alternatives, Kendall and Spearman rank correlation coefficients, better behaved in case of nonlinear relationships and more suitable 
when the joint distribution departs from normality.13 We also estimate changing correlation over time from a DCC-GJR-GARCH model 
to analyze shifts between long- and short-term average correlations. 

Table 3 shows the results for the static correlation for the full sample period and for each phase. The three correlation coefficients 
are low and positive. Pearson’s correlation coefficients report the largest level of co-movement, followed by the Spearman and Kendall 
correlations. This implies that linear correlation is larger than rank correlation, probably due to influential observations in the tails 
having a large influence relative to their ranked values. 

Considering the full period, the three coefficients report that the Energy sector shows the largest positive correlation with EUA 
returns (0.19, 0.11, 0.16), followed by the Industrial (0.13, 0.07, 0.09), Financials (0.13, 0.07, 0.10) and Information Technology 
(0.13, 0.07, 0.11) sectors. Consumer Staples (0.08, 0.04, 0.06) and Utilities (0.09, 0.04, 0.06) report the smallest correlation with EUA 
returns. 

All correlation coefficients are higher in PII than in PIII. In PII, the Energy sector shows the largest correlation (0.22, 0.14, 0.21), 
followed by Information Technology (0.17, 0.12, 0.18), Industrials (0.16, 0.11, 0.17) and Health Care (0.16, 0.11, 0.16). In PIII, these 
coefficients decrease considerably, with the Energy sector still showing the largest correlations (0.18, 0.08, 0.13), followed now by 
Financials (0.14, 0.05, 0.07) and Real Estate (0.11, 0.04, 0.06). In general, correlations are significant for most sectors and periods (see 
Table 3). 

Fig. 2 shows the dynamic conditional correlations between EUA and the Energy and Materials sectors (see Appendix A for a full 
description of the DCC models and the remaining estimated correlations between EUA and the Industrials, Consumer Discretionary, 
and Consumer Staples sectors in Fig. 4a, the Health Care, Financial and Information and Technology sectors in Fig. 4b and the 
Communication Services, Utilities, and Real Estate sectors in Fig. 4c). In general, EUA and industry returns move in the same direction 
except for some days in 2011 and from late 2017 to early 2019, when the correlations became negative. Note that dynamic correlations 
are always positive for the Energy sector. In all cases, there were two spikes in the dynamic correlation around mid-2012 and mid- 
2016. The first spike could be related to the high levels of volatility in the markets in the context of the European sovereign debt 
crisis, which ended with Draghi’s “whatever it takes” statement in July 2012, whereas the last one seems to reflect market instability 
related to the Brexit referendum of June 2016 in the United Kingdom. 

Fig. 1. EUA prices (top) and returns (bottom).  

13 Under certain formulations, Pearson, Kendall, and Spearman correlation coefficients are weighted averages of concordance indicators. Pearson’s 
correlation considers both the number and degree of concordance and discordance, whereas Kendall’s correlation reflects only the numbers of 
concordances and discordances regardless of their degree. Spearman correlation reflects the degree of concordance and discordance on the rank 
scale. 
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Dynamic correlations are especially high for the Chemicals, Containers and Packaging, Aerospace Defense, Electrical Equipment, 
Machinery, Auto Components, Leisure Products, Capital Markets, and Real Estate Management and Development industries. These 
results point to a positive relationship between fluctuations in CO2 allowance prices and the returns of the industries analyzed. Two 
industries in the Energy sector (Energy Equipment and Services and Oil, Gas and Consumable Fuels) show the largest positive cor-
relations with EUA returns. This sector, known for its large capital expenditures, research and development spending, and legal ex-
penses, also includes various sub-industries that comprise each industry, such as drilling, equipment/services, exploration/production, 
refining/marketing, and coal/consumable fuels. Research and development spending has been used to pay to adapt to the changing 
environmental policy. Governments and environmental agencies are also creating costs through regulation of the energy sector in their 
attempt to cut down carbon emissions, making this sector especially sensitive to environmental policy changes (i.e., transition risk). 

We also analyze the co-movements of EUA and industry returns by analyzing their dependence in higher-order moments: the 
co − skewness and the co − kurtosis (see Appendix B for a formal definition). We can define left and right co − skewness between two 
variables. The left co − skewness measures how EUA returns and the variance of industry returns relate to each other and represents the 
EUA marginal contribution to the skewness of the industry returns distribution. A positive (negative) value indicates that higher 
(lower) carbon returns (i.e., moving to a brown (green) scenario) increase the probability of obtaining extreme positive (negative) 
industry returns, that is, in the right (left) tail of the distribution. The right co − skewness measures how industry returns and the 
variance of EUA returns relate to each other. Analogously, a positive (negative) value indicates that higher (lower) industry returns 
induce a higher probability of obtaining extreme positive (negative) EUA returns, that is, in the right (left) tail of the distribution. 

In the case of the co-kurtosis, we compute different types: middle co-kurtosis, which accounts for the correlation between EUA and 
industry return variances, left co-kurtosis, which measures the correlation between the variance of industry returns and the industry- 
EUA covariance, and right co-kurtosis, which measures the correlation between the industry-EUA covariance and the variance of EUA 

Table 1 
S&P500 indices by sector and industry.  

Sector (# firms) Industry Sector (# firms) Industry 

Energy (26) Energy Equipment & Services Financials (67) Banks  
Oil Gas & Consumer Fuels  Diversified Financial Services    

Consumer Finance    
Capital Markets    
Insurance  

Materials (28) Chemicals Communication Services (27) Diversified Telecommunication Services  
Construction Materials  Wireless Telecommunication Services  
Containers & Packaging  Media  
Metals & Mining    

Industrials (73) Aerospace & Defence Consumer Discretionary (61) Auto Components  
Building Products  Automobiles  
Construction & Engineer  Household Durables  
Electrical Equipment  Leisure Products  
Industrial Conglomerates  Textiles & Apparel  
Machinery  Hotels Rest & Leisure  
Trading Comp & Distributors  Diversified Consumer Services  
Commercial Services & Supplies  Distributors  
Air Freight & Couriers  Internet & Direct Marketing Retail  
Airlines  Multiline Retail  
Road & Rail  Specialty Retail  

Consumer Staples (33) Food & Staples Retailing Utilities (28) Electric Utilities  
Beverages  Gas Utilities  
Food Products  Multi Utilities  
Tobacco    
Household Products    
Personal Product    

Health Care (62) Health Care Equipment & Services Information Technology (71) IT Services  
Health Care Providers & Services  Software  
Health Care Technology  Communications Equipment  
Biotechnology  Technology Hardware, Storage & Peripherals  
Pharmaceuticals  Electronic Equipment, Instruments & Components  
Life Sciences Tools & Services  Semiconductors & Semiconductor Equipment  

Real Estate (21) Real Estate Investment Trusts    
Real Estate Management & Development    
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Table 2 
Summary statistics for daily returns by sector for the full sample period, Phase II (01/19/2009–12/31/2012) and Phase III (01/01/2013–03/27/ 
2020). Figures are the average of the statistics across industries belonging to that sector. At the end of each panel are summary statistics for EUA 
returns corresponding to each period.  

Sectors Mean Median Std. Dev. Skewness Kurtosis Min Max 

Full sample        

ENERGY − 0.02 0.00 1.82 − 1.65 29.96 − 27.51 15.49 
MATERIALS 0.02 0.02 1.71 − 0.30 9.94 − 13.21 12.50 
INDUSTRIALS 0.04 0.03 1.64 − 0.39 13.24 − 13.82 13.34 
CONSUMER DISCRETIONARY 0.04 0.03 1.68 − 0.63 20.77 − 17.75 16.08 
CONSUMER STAPLES 0.04 0.03 1.13 − 0.41 14.96 − 10.94 9.28 
HEALTH CARE 0.05 0.04 1.35 − 0.17 12.91 − 10.68 10.67 
FINANCIALS 0.04 0.03 1.95 − 0.09 23.45 − 20.84 18.06 
INFORMATION TECHNOLOGY 0.06 0.05 1.48 − 0.41 12.50 − 14.28 11.39 
COMMUNICATION SERVICES 0.04 0.03 1.29 − 0.12 12.58 − 10.32 9.79 
UTILITIES 0.03 0.02 1.34 0.09 31.25 − 14.35 15.92 
REAL ESTATE 0.06 0.06 2.26 − 0.12 17.07 − 18.81 19.27 

EUA 0.00 -0.02 3.00 -0.03 8.30 -19.48 21.04  

Phase II        

ENERGY 0.05 0.01 1.93 − 0.21 5.38 − 9.25 8.68 
MATERIALS 0.04 0.02 2.00 − 0.20 5.44 − 9.64 9.06 
INDUSTRIALS 0.06 0.02 1.95 − 0.07 6.74 − 9.99 10.34 
CONSUMER DISCRETIONARY 0.08 0.02 1.88 − 0.02 8.15 − 10.47 10.36 
CONSUMER STAPLES 0.06 0.03 1.12 − 0.17 5.90 − 5.72 5.56 
HEALTH CARE 0.06 0.02 1.46 0.10 9.41 − 7.18 8.26 
FINANCIALS 0.06 0.02 2.70 0.17 13.61 − 19.08 17.93 
INFORMATION TECHNOLOGY 0.06 0.03 1.60 − 0.05 5.48 − 7.10 7.69 
COMMUNICATION SERVICES 0.09 0.04 1.61 0.03 6.64 − 7.70 9.07 
UTILITIES 0.03 0.00 1.37 − 0.26 6.34 − 7.61 6.55 
REAL ESTATE 0.10 0.05 3.25 0.14 8.91 − 16.27 19.27 

EUA − 0.09 -0.02 2.69 0.22 6.89 -11.55 18.68  

Phase III        

ENERGY − 0.05 0.00 1.76 − 2.70 48.78 − 27.51 15.49 
MATERIALS 0.02 0.03 1.53 − 0.43 15.30 − 13.12 12.45 
INDUSTRIALS 0.03 0.03 1.42 − 0.77 19.67 − 13.32 12.57 
CONSUMER DISCRETIONARY 0.02 0.04 1.54 − 1.27 32.77 − 17.57 14.96 
CONSUMER STAPLES 0.03 0.03 1.13 − 0.54 18.96 − 10.94 9.28 
HEALTH CARE 0.05 0.04 1.28 − 0.54 13.39 − 10.68 8.81 
FINANCIALS 0.03 0.05 1.37 − 1.10 30.46 − 15.45 13.73 
INFORMATION TECHNOLOGY 0.06 0.07 1.40 − 0.72 17.99 − 14.28 11.33 
COMMUNICATION SERVICES 0.02 0.02 1.04 − 0.51 31.38 − 10.32 9.35 
UTILITIES 0.02 0.03 1.31 0.74 54.66 − 14.35 15.92 
REAL ESTATE 0.04 0.07 1.47 − 1.68 32.16 − 18.44 10.63 

EUA 0.05 − 0.02 3.15 -0.13 8.52 − 19.48 21.04  

Table 3 
Static linear and rank correlation coefficients. Pearson, Kendall and Spearman rank correlations between EUA and industry returns averaged by sector 
for the full sample period, Phase II (01/19/2009–12/31/2012) and Phase III (01/01/2013–03/27/2020). *** indicates significant at the 1% sig-
nificant level, ** indicates significant at 2.5%, and * indicates significant at 5%, considering p-values for the industry averaged by sector.   

Pearson Kendall Spearman 
Sectors Full PII PIII Full PII PIII Full PII PIII 

ENERGY 0.193*** 0.218*** 0.183*** 0.109*** 0.145*** 0.090*** 0.162*** 0.212*** 0.134*** 
MATERIALS 0.120*** 0.147*** 0.109*** 0.064*** 0.111*** 0.038 0.095*** 0.162*** 0.057 
INDUSTRIALS 0.126*** 0.164*** 0.108*** 0.067*** 0.118*** 0.039 0.099*** 0.172*** 0.058 
CONSUMER DISCRETIONARY 0.114*** 0.138*** 0.105*** 0.058*** 0.108*** 0.029 0.085*** 0.157*** 0.044 
CONSUMER STAPLES 0.081*** 0.122*** 0.064 0.042** 0.087*** 0.018 0.061** 0.127*** 0.027 
HEALTH CARE 0.103*** 0.156*** 0.077*** 0.059*** 0.113*** 0.031 0.088*** 0.164*** 0.046 
FINANCIALS 0.132*** 0.152*** 0.136*** 0.070*** 0.106*** 0.049*** 0.103*** 0.154*** 0.072** 
INFORMATION TECHNOLOGY 0.126*** 0.173*** 0.104*** 0.072*** 0.122*** 0.044** 0.105*** 0.178*** 0.064** 
COMMUNICATION SERVICES 0.099*** 0.147*** 0.082* 0.060*** 0.101*** 0.042 0.087*** 0.148*** 0.059 
UTILITIES 0.087*** 0.143*** 0.060 0.043*** 0.104*** 0.011 0.064*** 0.153*** 0.016 
REAL ESTATE 0.118*** 0.150*** 0.113*** 0.065 0.107*** 0.038 0.096*** 0.157*** 0.057  
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returns. A high middle co-kurtosis implies a high probability of extreme values (whatever the sign) in both variables. For left (right) co- 
kurtosis, a high value implies higher industry-EUA correlation when industry (EUA) volatility is high. 

Table 4 shows the results for co − skewness and co − kurtosis. Both left and right co − skewness are negative, so increases in carbon 
returns (high pressure in climate risk) increase the probability of large negative industry returns (higher downside risk) and increases 
in industry returns increase the probability of large negative EUA returns too. In other words, low industry returns and high EUA 
returns tend to happen simultaneously, pointing to a negative impact of climate risk on industry returns. In addition, left co − skewness 
is systematically larger in absolute terms than its right counterpart, which implies a larger contribution by EUA returns to the skewness 
of the joint distribution. The Energy sector shows the largest left co − skewness (-0.28) followed by the Consumer Discretionary and 
Consumer Staples (-0.26) and Utilities (-0.25) sectors. 

All three co − kurtosis are always positive, which implies a higher probability of extreme returns (whatever the sign) in both 
markets. Again, left co − kurtosis is systematically higher than its right and middle counterparts, which implies a larger contribution by 
EUA returns to the kurtosis of the joint distribution. The Consumer Discretionary sector shows the largest left co − kurtosis followed by 
the Energy and Financial sectors (4.36, 4.36 and 3.58 respectively). 

This preliminary analysis offers interesting insights into different features of the relationship between industry and carbon returns. 
Linear static procedures (Pearson’s correlation) indicate weak dependence, whereas other higher moments of the joint distribution 
capture asymmetric dependence (co-skewness) and highlight the existence of higher dependence in the tails (Spearman and Kendall 
rank correlation and co-kurtosis). Overall, these results emphasize the importance of modeling the full distribution to analyze the joint 
behavior of EUA prices and industry equity prices that we address in the next section. 

Fig. 2. Dynamic conditional correlation estimated with DCC-GJR-GARCH(1,1) models between EUA and industry demeaned returns belonging to 
Energy (top) and Materials (bottom) sectors. 
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4. Empirical results 

Previous results documented stronger co-movements between industry and carbon returns at the extremal quantiles of their joint 
distribution, revealing the complexity of their relationship. In this section, we uncover these complex relationships between climate 
risk and stock markets by analyzing the marginal contribution of climate risk to the extreme tail risk of industry returns using Co2Risk 
and ΔCo2Risk. Co2Risk measures how the risk is borne by investors holding portfolios of listed companies varies with extreme changes 

Fig. 4. Average upper and lower ΔCo2Riski
t,τ,θ across industries belonging to the Energy (ENE), Materials (MAT), Industrials (IND), Financials (FIN) 

and Real Estate (REA) sectors. The top left (right) panel shows the upper green (brown) ΔCo2Riski
t,τ,θ and the bottom left (right) panel shows the 

lower green (brown) ΔCo2Riski
t,τ,θ. Dynamic Conditional Correlation with model DCC-GJRGARCH(1,1) between EUA and industry demeaned returns 

belonging to Industrials (top plot), Consumer Discretionary (middle plot), and Consumer Staples (bottom plot) sectors. Dynamic Conditional 
Correlation with model DCC-GJRGARCH(1,1) between EUA and industry demeaned returns belonging to Health Care (top plot), Financials (middle 
plot), and Information Technology (bottom plot) sectors. Dynamic Conditional Correlation with model DCC-GJRGARCH(1,1) between EUA and 
industry demeaned returns belonging to Communication Services (top plot), Utilities (middle plot), and Real Estate (bottom plot) sectors. 

Table 4 
Co − skewness and co − kurtosis between industries and EUA. Co − skewness and co − kurtosis are computed for the full sample period from January 19, 
2009 to March 27, 2020. Each figure is the co-moment averaged across the industries belonging to the corresponding sector.   

Co − skewness Co − kurtosis 

Sectors Left Right Left Middle Right 

ENERGY − 0.28 − 0.08 4.36 2.62 1.80 
MATERIALS − 0.18 − 0.05 2.04 1.95 1.18 
INDUSTRIALS − 0.15 − 0.07 2.59 1.98 1.22 
CONSUMER DISCRETIONARY − 0.26 − 0.09 4.41 2.52 1.20 
CONSUMER STAPLES − 0.26 − 0.05 1.69 1.83 0.91 
HEALTH CARE − 0.12 − 0.06 1.80 1.74 0.87 
FINANCIALS − 0.16 − 0.12 3.58 2.31 1.31 
INFORMATION TECHNOLOGY − 0.22 − 0.09 2.60 2.05 1.02 
COMMUNICATION SERVICES − 0.17 − 0.03 1.48 1.63 0.96 
UTILITIES − 0.25 − 0.09 2.72 2.23 0.87 
REAL ESTATE − 0.10 − 0.09 2.79 1.84 0.84  
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in the price of CO2 emission allowances. The marginal contribution of extreme changes in carbon prices to investor extremal exposures 
are measured with ΔCo2Risk. Large absolute values of ΔCo2Risk are a sign of a high impact of changes in climate risk on equity values. 
Consistent evidence of the impact of extreme changes in CO2 emission allowance prices on industry returns is found using the Kol-
mogorov–Smirnov stochastic dominance test (see Abadie, 2002; Bernal et al., 2014) to compare its unconditional and conditional τ-th 
quantiles. 

4.1. Industry sensitivity to CO2 risk 

We analyze the four different scenarios described in Section 2 by estimating Eq. (4) for τ = 0.05 (downside risk) and τ = 0.95 
(upside risk). Downside Co2Risk provides the conditional quantiles of industry returns under extreme either positive (brown) or 
negative (green) changes in the prices of the CO2 emission allowances that we identified with the θ=0.95 and θ=0.05 quantiles of CO2 
emissions returns, respectively. Similarly, we compute the upside industry Co2Risk for the same two extreme movements in CO2 
emission returns. We study the two phases of the EU-ETS implementation separately to consider differences in the degree of devel-
opment and efficiency of the CO2 market in pricing carbon emissions. 

Table 5 reports the sensitivity parameter λi
τ estimated for the two phases averaged across the industries included in each sector. We 

find notable variations and changes of sign in the sensitivity coefficients across different quantiles. The difference in the sign of the 
sensitivity coefficient for the lower and upper tails (τ = 0.05 and τ = 0.95) in Phase II points to an asymmetric response by industry 
returns to climate risk for 5 sectors (Energy, Materials, Health Care, Utilities, and Real Estate). λ is negative for 7 out of the 11 sectors at 
the lower tail (Industrials, Consumer Discretionary, Health Care, Financials, Information Technology, Utilities, and Real Estate) and for 
6 out of the 11 sectors at the upper tail (Energy, Materials, Industrials, Consumer Discretionary, Financials and Information Tech-
nology). Results in Phase III show this asymmetry more clearly, with positive sensitivity to climate risk when downside risk prevails 
and negative when upside risk does, for all industries. These result are in line with Zhou et al. (2018) who find an heterogeneous impact 
of EUA returns on European stock market, mainly positive in lower quantiles and possitive in the uppers, that differs across ET-ETS 
phases. Our results demonstrate that the uncertainty surrounding changes in climate risks impacts differently when industries are 
suffering extreme losses to when they have extreme benefits. 

The rationality for the positive dependence when downside risk prevails is that intense increases in carbon returns (i.e., higher 
pressure on climate risk) will increase the exposure risk of investors who will only hold portfolios of assets that provide higher returns, 
that is, they will demand a carbon risk premium to compensate for their increase in risk exposure. Conversely, negative dependence 
under extreme upside risk suggests that investors perceive increases in carbon prices (higher pollution intensity) as a symptom of 
inefficiencies in the production processes. They seem to anticipate lower expected returns because of higher future spending, i.e., more 
capital, human and material resources to improve production technology aimed at reducing carbon emissions. So, they will reduce 
their demand (and therefore price) for industrial stocks. Finally, unreported results for intermediate quantiles show weak sensitivity of 
industry returns to carbon returns in the middle of distribution, which we interpret as investors finding it more difficult to visualize the 
full effect of higher CO2 emission during calm market conditions. All in all, we find that the interdependence between carbon returns 
and stock markets is asymmetric and tends to be stronger under extreme (upside and downside) market conditions, suggesting that 
climate risk becomes an important explanatory factor for the stock market performance in those cases. 

4.2. Co2Risk at work 

Table 6 shows the average time-series mean of Co2Riski
t,τ,θ (Mean) across the different industries belonging to each sector, i.e., 

∑N
n=1

(∑T
t=1Co2Riski

t,τ,θ/T
)/

N, where N is the number of industries in each sector i14 and T is the number of days in each phase. In 

Table 5 
The reported values are the average across the industries in each sector of the λi

τ coefficients estimated in the quantile regression of Eq. (4) at τ = 0.05 
and τ = 0.95 for Phase II and Phase III.   

Phase II Phase III 
Sectors τ = 0.05 τ = 0.95 τ = 0.05 τ = 0.95 

ENERGY 0.024 − 0.050 0.054 − 0.057 
MATERIALS 0.035 − 0.058 0.042 − 0.057 
INDUSTRIALS − 0.007 − 0.017 0.034 − 0.037 
CONSUMER DISCRETIONARY − 0.012 − 0.029 0.019 − 0.047 
CONSUMER STAPLES 0.018 0.002 0.017 − 0.017 
HEALTH CARE − 0.024 0.010 0.015 − 0.037 
FINANCIALS − 0.130 − 0.077 0.029 − 0.045 
INFORMATION TECHNOLOGY − 0.061 − 0.058 0.016 − 0.043 
COMMUNICATION SERVICES 0.002 0.013 0.008 − 0.003 
UTILITIES − 0.030 0.029 0.022 − 0.025 
REAL ESTATE − 0.049 0.039 0.026 − 0.045  

14 Table 1 reports the number of industries in each sector. 
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addition, as in Caporin et al. (2021) and Girardi and Ergün (2013), we report two measurements of variability, the first one, labeled Std 
TS that measures the volatility of Co2Risk over time, and the second one, labeled Std CS that is a proxy for the dispersion across in-
dustries that belong to the same sector.15 

The upper (lower) panel depicts the results for Phase II (Phase III). Columns 2–7 show the downside risk case, Co2Riski
t,0.05,θ for the 

green (and brown) states, i.e. when the returns on CO2 emission allowances decrease (increase) by an amount equivalent to the 0.05 
(0.95) quantile. Columns 8–13 show the upside risk case, Co2Riski

t,0.95,θ. On average, extremal risks seems to be larger during Phase II 
(2.93%) than Phase III (1.91%), because of a more volatile period before January 2013 when Phase III started (the average Std TS in 
Phase II and III is 0.078 and 0.068, respectively). The Real Estate sector during Phase II, and the Energy sector during Phase III, report 
the largest conditional downside (-4.73% for the Real Estate sector and − 2.47% for the Energy sector) and upside risks (5.01% for the 
Real Estate sector and 2.22% for the Energy sector) in both climate states. As a result of the asymmetric relationship between company 
returns and CO2 emission allowances, the average risk exposure during green states is larger than in brown states, apart from the 
downside risk in Phase II, where the average Co2Riski

t,0.05,θ, − 2.82%, is less negative than the conditional quantile under an extreme 
increase in the price of CO2 emission allowances, − 3.00%. Contrary to what happens in Phase III, as seen in Table 5, during Phase II 
there is no uniform pattern across sectors of positive co-movement between CO2 emissions and stock returns at the left tail of the 
distribution (only for Energy, Materials, Consumer Staples and Communication Services) and negative at the right tail (only Energy, 
Materials, Industrials, Consumer Discretionary, Financials, and Information Technology). Regarding volatility, both the average 
standard deviation, Std TS, and the standard deviation across average Co2Risk, Std CS, seem to be relatively small, with the Std CS (an 
average of 0.704 in Phase II for the downside risk in Green state) well above the Std TS (0.075). This suggest that cross-sectional 
heterogeneity is driving the majority of the volatility in Co2Risk. Similar differences are found for other states. As expected, Phase 
II reports slightly higher degree of volatility than Phase III. Real Sector shows the largest Std CS in every phase, state and tail analized in 
the paper. 

Summarizing, we find that the estimated Co2Risk documents an asymmetric comovement between stock returns and CO2 emission 
allowance prices at the extreme tails of the industry returns, providing evidence of the risk exposure of investors to adverse (brown) and 
favorable (green) changes in climate risk. Relatively time- and cross-sectional small variability decomposition of this comovement 
shows that variability in each sector is driven by the cross-sectional variation. 

The significance of the impact of climate risk on the extreme returns of the industry is tested comparing Co2Riski
t,τ,θ of the τ-th 

quantile of industry returns conditional on climate risk with VaRi
t,τ,

16 of their unconditional τ-th quantile. We test the directional 

hypothesis H0 : Co2Riski
t,τ,θ = VaRi

t,τ. For downside risk (τ=0.05) the alternative hypothesis is Co2Riski
t,τ,θ < VaRi

t,τ, i.e., the condi-
tional quantile is lower than the unconditional one, whereas for upside risk (τ=0.95) the alternative hypothesis is the opposite, i.e., the 
conditional quantile is greater than the unconditional one. We apply the Kolmogorov–Smirnov stochastic dominance test (K-S) (see 
Abadie, 2002; Bernal et al., 2014): 

KSmn =
( m ⋅ n

m + n

)1/2
supx

⃒
⃒
⃒
⃒Fm

(

x
)

− Gn

(

x
)⃒
⃒
⃒
⃒ (8)  

where Fm(x) and Gn(x) are the cumulative distribution functions of Co2Riski
t,τ,θ and VaRi

t,τ respectively, and n and m are the sample 
sizes. We run the test and compute associated bootstrap p-values for the green and brown states in both phases of EU-ETS imple-
mentation separately. Table 7 shows the average K-S statistic and bootstrapped p-values averaged across industries belonged to the 
sectors considered. The empirical evidence rejects the null hypotheses at the 1% significance level in almost all sectors and phases, 
confirming the significant impact of climate risk on industry returns in extreme events. This evidence supports the existence of a 
dependence between stock returns and climate risk at the extreme tails of the distribution, which implies that extreme fluctuations in 
the price of CO2 emission allowances will contribute to changing the risk exposure of investors holding stocks. 

Fig. 3 shows both downside and upside VaRi
t,τ and Co2Riski

t,τ,θ during Phase III for four selected sectors.17 This graphical evidence 
corroborates the K-S statistic findings. Under a green state, i.e., extreme negative carbon returns, the downside conditional quantile lies 
beneath the unconditional one, mainly for the Energy, Materials, and Industrials sectors except in periods of high volatility. Regarding 
the upside risk, we find the opposite, the conditional quantile is above the unconditional one, which is more evident for the Energy 
sector in calm (low volatility) markets. This result seems to indicate that during highly volatile periods, it is more difficult for investors 
to identify signals coming from carbon emissions market and the impact of extreme changes in the prices of CO2 emission allowances 
vanishes. Results for the brown state are less conclusive. Although the conditional and unconditional quantiles are much closer to each 

15 Std TS =
∑N

n=1

( ̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

(T − 1)− 1∑T
t=1

(
Co2Riski

t,τ,θ −
∑T

t=1Co2Riski
t,τ,θ/T

)2
√ )/

N. That is, we first compute the time series standard deviation for 

each industry and then average them across the industries that belong to the same sector. Std CS =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

(T − 1)− 1∑N
n=1

(∑T
t=1Co2Riski

t,τ,θ/T −
∑N

n=1(
∑T

t=1Co2Riski
t,τ,θ/T)/N

)2
√

. It is the standard deviation of the means of the individual industry’s 

Co2Risk belonging to the same sector.  
16 To estimate VaRi

t,τ we model the τ-th quantile of industry returns with the SAV-CAViaR specification as defined in Eq. (3)  
17 Figures for the remaining industries are not included to save space. They are available upon request. 
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other, the downside (upside) conditional one is still generally lower (larger). 
Interestingly, one can observe in Fig. 3 a greater impact of climate risk on industry risks in a green rather than a brown state, i.e., the 

value of Co2Riski
t,τ,θ is greater when θ = 0.05 than when θ = 0.95. To formally analyze this effect we test whether this difference is 

statistically significant, that is, we test H0 : Co2Riski
t,τ,0.05 = Co2Riski

t,τ,0.95. The results, reported in Table 8, confirm the view expected 
from Fig. 3 and the null hypothesis is strongly rejected at the 1% significance level for all sectors and phases and for downside and 
upside industry risks, confirming that green and brown states have a significantly different impact on the tail risks of the industry 
returns distribution, the effect being stronger in the case of the green state. 

4.3. ΔCo2Risk at work 

A standardized measure of the co-movement between industry returns and changes in CO2 emissions is provided by ΔCo2Riski, 
which can be interpreted as the marginal contribution of extreme changes in the price of CO2 emissions to the risk exposure of an 
investor holding assets in the i-th industry. Table 9 reports the average of the time-series mean of ΔCo2Riski

t,τ,θ across the different 

industries belonging to each sector, i.e., 
∑N

n=1

(∑T
t=1ΔCo2Riski

t,τ,θ/T
)/

N, where N is the number of industries in each sector i and T is 

the number of days in each phase in the four scenarios: the downside (columns 2–6)/upside (columns 7–13) risk response when climate 
changes from a light stress scenario to a more extreme green/brown state. The upper panel shows the results for Phase II, and the lower 
panel depicts the results for Phase III. We also show the time- and cross-sectional standard deviation, Std TS and Std CS, for the four 
states and two Phases. 

To understand the numbers in Table 9, consider the numbers from the second to fourth columns (downside risk under a green state) 
and first row (the Energy sector); the number of the Mean (%) column indicates that a drop in the returns on CO2 emission allowances 
equal to their 5% quantile, on average, will decrease the 5% VaR of the Energy sector (the risk exposure of an investor holding assets 

Table 6 
The average of the time-series mean (Mean), the average of the time-series standard deviation (Std TS), and the standard deviation of the time-series 
mean (Std CS) of Co2Riski

t,τ,θ for θ = 0.05 and 0.95 across industries in each sector for Phase II (January 19, 2009 – December 31, 2012) and Phase III 
(January 1, 2013 - March 27, 2020).   

Downside risk (τ = 0.05) Upside risk (τ = 0.95)  
Green (θ = 0.05) Brown (θ = 0.95) Green (θ = 0.05) Brown (θ = 0.95) 

PHASE II Mean 
(%) 

Std 
TS 

Std 
CS 

Mean 
(%) 

Std 
TS 

Std 
CS 

Mean 
(%) 

Std 
TS 

Std 
CS 

Mean 
(%) 

Std 
TS 

Std 
CS 

ENERGY − 3.210 0.042 1.043 − 3.009 0.043 0.737 3.393 0.079 0.930 2.987 0.081 1.026 
MATERIALS − 3.454 0.070 0.768 − 3.168 0.072 0.835 3.413 0.097 0.913 2.940 0.099 0.689 
INDUSTRIALS − 3.067 0.067 0.925 − 3.124 0.068 0.821 3.187 0.064 1.016 3.048 0.066 0.804 
CONSUMER 

DISCRETIONARY 
− 2.867 0.075 0.685 − 2.969 0.076 0.697 3.130 0.094 0.765 2.892 0.096 0.726 

CONSUMER STAPLES − 1.793 0.048 0.629 − 1.642 0.049 0.572 1.825 0.025 0.544 1.839 0.025 0.598 
HEALTH CARE − 2.132 0.058 0.420 − 2.328 0.059 0.585 2.231 0.025 0.586 2.314 0.025 0.494 
FINANCIALS − 3.152 0.207 0.215 − 4.217 0.211 0.704 4.031 0.123 0.555 3.399 0.125 0.378 
INFORMATION 

TECHNOLOGY 
− 2.349 0.098 0.360 − 2.852 0.100 0.491 2.839 0.092 0.352 2.365 0.094 0.349 

COMMUNICATION 
SERVICES 

− 2.417 0.021 0.700 − 2.401 0.021 0.687 2.389 0.042 0.634 2.499 0.043 0.718 

UTILITIES − 2.016 0.048 0.698 − 2.265 0.049 0.804 2.122 0.047 0.719 2.364 0.048 0.773 
REAL ESTATE − 4.534 0.096 1.306 − 4.938 0.098 2.002 4.853 0.174 2.091 5.172 0.178 0.824 

Total Average − 2.817 0.075 0.704 − 2.992 0.077 0.812 3.038 0.078 0.828 2.893 0.080 0.671              

PHASE III             

ENERGY − 2.713 0.094 0.585 − 2.225 0.097 0.333 2.477 0.102 0.519 1.956 0.104 0.393 
MATERIALS − 2.517 0.077 0.565 − 2.135 0.078 0.483 2.425 0.104 0.634 1.904 0.104 0.427 
INDUSTRIALS − 2.268 0.070 0.526 − 1.956 0.072 0.357 2.158 0.070 0.384 1.826 0.071 0.400 
CONSUMER 

DISCRETIONARY 
− 2.273 0.047 0.376 − 2.104 0.049 0.382 2.238 0.086 0.404 1.808 0.088 0.345 

CONSUMER STAPLES − 1.651 0.040 0.215 − 1.493 0.040 0.318 1.618 0.036 0.272 1.462 0.037 0.235 
HEALTH CARE − 2.023 0.042 0.364 − 1.884 0.043 0.357 2.026 0.066 0.415 1.687 0.069 0.305 
FINANCIALS − 2.044 0.057 0.295 − 1.784 0.080 0.214 1.987 0.095 0.289 1.580 0.092 0.105 
INFORMATION 

TECHNOLOGY 
− 2.166 0.046 0.289 − 2.019 0.053 0.224 2.154 0.077 0.306 1.765 0.077 0.215 

COMMUNICATION 
SERVICES 

− 1.433 0.031 0.430 − 1.358 0.031 0.382 1.370 0.037 0.419 1.346 0.041 0.325 

UTILITIES − 1.790 0.041 0.618 − 1.586 0.044 0.476 1.739 0.055 0.798 1.513 0.061 0.330 
REAL ESTATE − 2.200 0.070 0.709 − 1.960 0.085 0.673 2.129 0.105 0.952 1.722 0.124 0.456 

Total Average − 2.098 0.056 0.452 − 1.864 0.061 0.382 2.029 0.076 0.490 1.688 0.079 0.321  
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Table 7 
Average K-S statistic and bootstrapped p-values averaged across industries belonging to the sectors considered. The null hypothesis is H0 :

Co2Riski
t,τ,θ = VaRi

t,τ. In the case of downside risk (τ=0.05) the alternative is H1 : Co2Riski
t,0.05,θ < VaRi

t,0.05, for upside risk (τ=0.95) the alternative is 

H1 : Co2Riski
t,0.95,θ > VaRi

t,0.95. *** indicates significant at the 1% of significace level, and * indicates significant at 5%, considering p-values for the 
industry averaged by sector.   

Downside risk (τ=0.05) Upside risk (τ=0.95)  
Green (θ=0.05) Brown (θ=0.95) Green (θ=0.05) Brown (θ=0.95)  

K-S p-value K-S p-value K-S p-value K-S p-value 

PHASE II         

ENERGY 0.623*** 0.000 0.555*** 0.000 0.715*** 0.000 0.539*** 0.000 
MATERIALS 0.665*** 0.000 0.521*** 0.000 0.669*** 0.000 0.476*** 0.000 
INDUSTRIALS 0.581*** 0.000 0.612*** 0.000 0.633*** 0.000 0.611*** 0.000 
CONSUMER DISCRETIONARY 0.547 0.057 0.623*** 0.000 0.634*** 0.000 0.560*** 0.000 
CONSUMER STAPLES 0.569*** 0.000 0.420 0.167 0.631*** 0.000 0.653*** 0.000 
HEALTH CARE 0.464*** 0.000 0.602*** 0.000 0.614*** 0.000 0.682*** 0.000 
FINANCIALS 0.468*** 0.000 0.751*** 0.000 0.730*** 0.000 0.565*** 0.000 
INFORMATION TECHNOLOGY 0.349*** 0.000 0.658*** 0.000 0.717*** 0.000 0.420*** 0.000 
COMMUNICATION SERVICES 0.605*** 0.000 0.580*** 0.000 0.529*** 0.000 0.606*** 0.000 
UTILITIES 0.479*** 0.000 0.625*** 0.000 0.575*** 0.000 0.695*** 0.000 
REAL ESTATE 0.651*** 0.000 0.712*** 0.000 0.640*** 0.000 0.708*** 0.000          

PHASE III         

ENERGY 0.644*** 0.000 0.332*** 0.000 0.641*** 0.000 0.285*** 0.000 
MATERIALS 0.629*** 0.000 0.305*** 0.000 0.618*** 0.000 0.196*** 0.000 
INDUSTRIALS 0.616*** 0.000 0.349*** 0.000 0.625*** 0.000 0.308*** 0.000 
CONSUMER DISCRETIONARY 0.613*** 0.000 0.451*** 0.000 0.631*** 0.000 0.219* 0.033 
CONSUMER STAPLES 0.596*** 0.000 0.399*** 0.000 0.587*** 0.000 0.375*** 0.000 
HEALTH CARE 0.615*** 0.000 0.475*** 0.000 0.630*** 0.000 0.253*** 0.000 
FINANCIALS 0.642*** 0.000 0.417*** 0.000 0.644*** 0.000 0.268*** 0.000 
INFORMATION TECHNOLOGY 0.608*** 0.000 0.498*** 0.000 0.666*** 0.000 0.308*** 0.000 
COMMUNICATION SERVICES 0.659*** 0.000 0.578*** 0.000 0.602*** 0.000 0.541*** 0.000 
UTILITIES 0.622*** 0.000 0.469*** 0.000 0.547*** 0.000 0.408*** 0.000 
REAL ESTATE 0.622*** 0.000 0.363*** 0.000 0.620*** 0.000 0.290*** 0.000  

Fig. 3. Average Co2Riskt,τ,θ and VaRt,τ across industries belonging to the Energy, Materials, Industrials and Financials sectors.  
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belonging to the Energy sector) by 2.62% over its VaR when the returns of the CO2 emission allowances are at their median. The 
number of the Std TS column indicates that the volatility over time of the downside risk change for the Energy sector under a green state 
is 1.147, well below 4.160, which is the cross-sectional volatility reported in the Std CS column. 

Regarding Mean (%) columns, we observe opposite signs, positive for the green state and negative for the brown one, for all the 
sectors in PIII. During PII, 7 out of 11 sectors show negative ΔCo2Risk under green state and 7 out of 11 positive in a brown one. This 
result is indirect evidence against the carbon risk premium described above. There are more remarkable differences between the two 
phases. When downside risk prevails we observe that during PII the total averages are − 2.47% in the green state and 2.48% in the brown 
state, whereas they are 5.63% and − 5.68% respectively during PIII. In the last phase, the response of the downside risk to changes in 
the climate risk is stronger (more than twice). When upside risk prevails, a green (brown) state increases (decreases) the risk exposure of 
an investor holding short positions by 1.99% (-2%) in PII, while the impact is more than four times greater in PIII, increasing 
(decreasing) the upside risk by 8.2% (-8.3%). 

These positive ΔCo2Risk values associated with reaching a green state for both the upside and downside risk indicate more extreme 
industry returns when climate risk improves (see columns 2 and 8, Table 9). A positive ΔCo2Risk at the left tail of industry returns 
implies that the risk exposure of an investor holding assets (having a long position) will increase when the climate conditions improve. 
Under a green state, the carbon risk premium vanishes and investors stop buying assets that are highly sensitive to climate risk, 
resulting in their prices falling. At the right tail of the conditional distribution, the positive ΔCo2Risk detected under green states 
implies an increase in the risk exposure of investors who have short positions when the prices of CO2 emission allowances decrease. 
When there is optimism in the market (upper tail of the returns), investors perceive extreme falls in carbon prices as improving climate 
conditions that will increase firms’ profitability in the future, so they are willing to include in their portfolios assets with increasing 
expected returns that compensate the larger risk. 

ΔCo2Risk is predominantly negative under worsening environmental conditions (columns 5 and 11, Table 9). It is negative when 
downside risk prevails for 4 sectors (for 6 sectors in upside risk) during PII and for every sector during PIII (idem in upside risk). In 
contrast to green states, brown scenarios reduce extreme returns (in absolute value) at the left and right tails of the industry return 
distribution, reducing the probability of extreme returns of both signs. A carbon risk premium identified during a pessimistic stock 
market explains a negative ΔCo2Risk under extreme increases in the price of CO2 emission allowances. Lower expected returns in 
optimistic stock markets under worsening climate conditions lead stock prices to fall and a negative ΔCo2Risk. It is as if increasing 
pollution intensity (increasing CO2 emission allowances prices) in bull markets is signaling to forward-looking investors that there are 
inefficiencies in the firm’s production processes, suggesting lower expected returns for such companies that will need to spend more 
capital, human and material resources on improving their production technology aimed at reducing carbon emissions. 

All in all, comparing the two phases, we find i) a greater sensitivity of stock returns to CO2 emissions (measured by the absolute 
value of ΔCo2Risk) during Phase III (an average in absolute terms of 6.96% versus 2.23% in Phase II) and the impact is also larger in 
bull (5.12%) than in bear (4.07%) markets, ii) again, variability decomposition of ΔCo2Risk shows that variability in each sector is 
driven by the cross-sectional variation. Variance over time slightly increases and the volatility across institutions substantially de-
creases in Phase III, this effect along with the greater impact of drastic changes in the prices of CO2 emissions on stock prices during 
Phase III seems to reflect both the different degrees of development in the EU-ETS market and the progressive increase in investor 
awareness about climate risk in the latter period. 

To provide more statistical evidence of the previous results, Table 10 shows the K-S statistic to test whether the marginal 
contribution of extreme changes in the price of CO2 emission allowances has the same impact at the lower and upper tails of the 

conditional distribution. We state the null hypothesis, H0 :

⃒
⃒
⃒ΔCo2Riski

t,0.05,θ

⃒
⃒
⃒ =

⃒
⃒
⃒ΔCo2Riski

t,0.95,θ

⃒
⃒
⃒, of no difference between the absolute 

value of the response of downside and upside risks to an improvement (deterioration) in climate risk conditions. The average values of 
the K-S statistic and associated bootstrap p-values for each sector indicate the rejection of the null hypothesis at the 1% significance 
level for almost all sectors in both phases. This evidence supports the previous results that the impact of changes in climate risk states is 

Table 8 
Average K-S statistic and bootstrapped p-values averaged across industries belonging to the sectors considered. The null hypothesis H0 :

Co2Riski
t,τ,0.05 = Co2Riski

t,τ,0.95 and the alternative H1 : Co2Riski
t,τ,0.05 ∕= Co2Riski

t,τ,0.95. ***, **, * indicate significant at 1%, 5% and 10%, respec-
tively, considering p-values for the industry averaged by sector.   

Phase II Phase III  
Downside risk (τ=0.05) Upside risk (τ=0.95) Downside risk (τ=0.05) Upside risk (τ=0.95)  
K-S p-value K-S p-value K-S p-value K-S p-value 

ENERGY 1.000*** 0.000 1.000*** 0.000 0.999*** 0.000 0.999*** 0.000 
MATERIALS 1.000*** 0.000 1.000*** 0.000 0.999*** 0.000 0.999*** 0.000 
INDUSTRIALS 1.000*** 0.000 1.000*** 0.000 0.999*** 0.000 0.999*** 0.000 
CONSUMER DISCRETIONARY 1.000*** 0.000 1.000*** 0.000 1.000*** 0.000 0.999*** 0.000 
CONSUMER STAPLES 1.000*** 0.000 1.000*** 0.000 0.999*** 0.000 1.000*** 0.000 
HEALTH CARE 1.000*** 0.000 1.000*** 0.000 0.999*** 0.000 0.999*** 0.000 
FINANCIALS 1.000*** 0.000 1.000*** 0.000 0.999*** 0.000 0.999*** 0.000 
INFORMATION TECHNOLOGY 1.000*** 0.000 1.000*** 0.000 0.999*** 0.000 0.999*** 0.000 
COMMUNICATION SERVICES 1.000*** 0.000 1.000*** 0.000 0.999*** 0.000 0.999*** 0.000 
UTILITIES 1.000*** 0.000 1.000*** 0.000 0.999*** 0.000 0.999*** 0.000 
REAL ESTATE 1.000*** 0.000 1.000*** 0.000 0.999*** 0.000 0.999*** 0.000  
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Table 9 
The average of the time-series mean (Mean), the average of the time-series standard deviation (Std TS), and the standard deviation of the time-series mean (Std CS) of ΔCo2Riski

t,τ,θ for θ = 0.05 and 0.95 
across industries belonging to that sector for Phase II (January 19, 2009 – December 31, 2012) and Phase III (January 1, 2013 – March 27, 2020).   

Downside risk (τ = 0.05) Upside risk (τ = 0.95)  
Green (θ = 0.05) Brown (θ = 0.95) Green (θ = 0.05) Brown (θ = 0.95) 

PHASE II Mean (%) Std TS Std CS Mean (%) Std TS Std CS Mean (%) Std TS Std CS Mean (%) Std TS Std CS 

ENERGY 2.618 1.147 4.160 − 2.634 1.170 4.184 6.908 2.695 3.613 − 6.948 2.746 3.634 
MATERIALS 4.530 2.113 6.233 − 4.556 2.153 6.270 7.204 2.955 6.797 − 7.246 3.011 6.836 
INDUSTRIALS − 1.041 2.080 6.245 1.047 2.120 6.281 1.442 2.156 7.045 − 1.451 2.197 7.086 
CONSUMER DISCRETIONARY − 1.708 2.590 8.278 1.718 2.639 8.326 4.017 3.306 10.003 − 4.040 3.370 10.062 
CONSUMER STAPLES 4.244 2.926 9.314 − 4.269 2.982 9.368 − 0.071 1.423 4.590 0.071 1.451 4.616 
HEALTH CARE − 3.898 2.526 8.080 3.921 2.574 8.127 − 2.310 1.193 3.443 2.323 1.216 3.463 
FINANCIALS − 13.855 5.405 7.602 13.936 5.508 7.647 8.328 3.249 5.396 − 8.377 3.311 5.428 
INFORMATION TECHNOLOGY − 9.557 3.728 4.492 9.613 3.800 4.518 9.196 3.587 2.493 − 9.250 3.656 2.507 
COMMUNICATION SERVICES 0.398 0.856 2.679 − 0.401 0.873 2.695 − 2.154 1.664 4.707 2.167 1.695 4.734 
UTILITIES − 5.688 2.219 2.682 5.721 2.261 2.698 − 5.470 2.134 2.453 5.502 2.175 2.467 
REAL ESTATE − 3.167 1.716 6.221 3.185 1.749 6.258 − 5.229 3.895 14.122 5.260 3.970 14.205 

Total Average − 2.466 2.482 5.999 2.480 2.530 6.034 1.987 2.569 5.878 − 1.999 2.618 5.913              

PHASE III             

ENERGY 9.544 3.672 3.305 − 9.629 3.747 3.335 11.656 4.481 0.422 − 11.759 4.572 0.426 
MATERIALS 8.170 3.147 2.773 − 8.242 3.211 2.798 11.599 4.463 4.067 − 11.702 4.554 4.103 
INDUSTRIALS 6.891 2.850 4.737 − 6.952 2.908 4.779 8.598 3.315 3.840 − 8.674 3.382 3.874 
CONSUMER DISCRETIONARY 4.037 1.987 5.514 − 4.073 2.027 5.563 10.616 4.097 4.776 − 10.711 4.180 4.819 
CONSUMER STAPLES 5.537 2.524 6.892 − 5.586 2.575 6.953 4.977 2.238 4.716 − 5.021 2.283 4.758 
HEALTH CARE 3.616 1.972 5.175 − 3.648 2.012 5.221 8.875 3.425 3.384 − 8.954 3.495 3.414 
FINANCIALS 6.641 2.624 2.291 − 6.700 2.676 2.312 10.978 4.221 5.230 − 11.076 4.307 5.276 
INFORMATION TECHNOLOGY 3.379 2.237 6.583 − 3.409 2.282 6.641 9.741 3.744 2.568 − 9.828 3.820 2.591 
COMMUNICATION SERVICES 2.503 0.970 2.692 − 2.526 0.989 2.716 0.215 1.701 5.841 − 0.217 1.736 5.893 
UTILITIES 5.678 2.208 3.911 − 5.729 2.252 3.946 4.457 2.115 9.645 − 4.497 2.158 9.731 
REAL ESTATE 5.944 2.301 1.097 − 5.997 2.348 1.107 8.786 3.450 9.617 − 8.864 3.520 9.703 

Total Average 5.631 2.408 4.088 − 5.681 2.457 4.125 8.227 3.386 4.919 − 8.300 3.455 4.963  
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asymmetric, apparently showing a greater impact for the upside risk. The higher marginal contribution of changes in climate risk states 
to upside risk takes place during Phase III and is found for the Construction and Materials industry, belonging to the Material sector, 
and for the Aerospace and Defense, Construction and Engineering and Airlines industries that belong to the Industrial sector, that 
turned out to be high polluters. 

To identify the sectors most exposed to changes in climate states, we rank them according to the sum of the average absolute value 
of the marginal contribution of climate risk on industry tail risk for the four scenarios, during Phase III, in which the impact observed is 

stronger, as 
∑

τ
∑

θ

⃒
⃒
⃒
∑N

n=1

(∑T
t=1ΔCo2Riski

t,τ,θ/T
)/

N
⃒
⃒
⃒ for each sector i, where N is the number of industries in each sector i (cross- 

section) and T is the number of observations in Phase III (time-series). The ranking from most to less exposed is Energy (1), Materials 
(2), Financials (3), Industrials (4), Real Estate (5), Consumer Discretionary (6), Information Technology (7), Health Care (8), Consumer 
Staples (9), Utilities (10), Communication Services (11). Surprisingly, Utilities (water, gas, and electricity) ranked 10th out of the 11 
sectors, despite this sector being among the most carbon-intensive sectors.18 Moreover, this sector has a high risk of wildfire, i.e., it is 
more exposed to physical damages and legal liabilities where electricity-transmission infrastructure is implicated in wildfire out-
breaks.19 For this reason, the Utilities sector is also a CO2 high-exposure sector. It being both a high-exposure and high carbon- 
intensive sector could explain the low sensitivity we find. This result is in accordance with Veith et al. (2009), who analyze the ef-
fect of CO2 emission allowances on the value of firms in the power generation industry. They find a positive correlation, indicating that 
firms pass on regulatory burdens to customers. This effect can compensate for the negative effect of the amount of carbon pricing risk 
due to high exposure to global warming. 

Fig. 4 shows the average ΔCo2Riski
t,τ,θ across industries belonging to the top five sectors most sensitive to changes in climate risk 

state, namely Energy, Materials, Financial, Industrial and Real Estate.20 We plot the four scenarios analyzed: downside risk - green state 
at the top left, downside risk - brown state at the top right panel, upside risk - green state at the bottom left, upside risk - brown state at 
the bottom right panel. 

As Fig. 4 shows, Energy and Materials turn out to be the sectors most sensitive to carbon returns, especially when downside risk 
prevails (top panel) when the black (ENE) and red (MAT) lines that represent green (brown) downside ΔCo2Riski

t,τ,θ are systematically 
above (below) the remaining sectors. Energy and Materials topped the list of CO2 high-emission sectors. The Energy sector was second 
and the Materials sector was fourth highest out of the S&P 500 sectors in 2017. In 2019, Materials and Energy were the second and 
third highest polluting sectors, respectively.21 The Energy sector includes a range of industries engaged in oil and gas, coal and 
combustible fuels, and energy equipment and services. This includes oil and gas exploration and production, drilling, refining and 
marketing, and storage and transportation. The Materials sector includes companies engaged in the discovery (mining), development 
(plastic, fertilizer, paper, concrete) and processing of raw materials, which are used across a broad range of sectors and industries. 
Ranked third by ΔCo2Riski

t,τ,θ is the Industrial sector (Aerospace and Defence, Building Products, Construction and Engineering, 
Electrical Equipment, Industrial Conglomerates, Machinery, Trading Companies and Distributors, Commercial Services and Supplies, 

Table 10 

Average K-S statistic and bootstrapped p-values averaged across industries belonging to the sectors considered. The test has the null hypothesis H0 :
⃒
⃒
⃒ΔCo2Riski

t,0.05,θ

⃒
⃒
⃒ =

⃒
⃒
⃒ΔCo2Riski

t,0.95,θ

⃒
⃒
⃒ and the alternative H1 :

⃒
⃒
⃒ΔCo2Riski

t,0.05,θ

⃒
⃒
⃒ ∕=

⃒
⃒
⃒ΔCo2Riski

t,0.95,θ

⃒
⃒
⃒. ***, **, * indicate significant at 1%, 5% and 

10%, respectively, considering p-values for the industry averaged by sector.   

PHASE II PHASE III  
Green (θ=0.05) Brown (θ=0.95) Green (θ=0.05) Brown (θ=0.95)  

K-S p-value K-S p-value K-S p-value K-S p-value 

ENERGY 0.649*** 0.000 0.646*** 0.000 0.257 0.498 0.254 0.498 
MATERIALS 0.815*** 0.000 0.814*** 0.000 0.436*** 0.000 0.431*** 0.000 
INDUSTRIALS 0.624* 0.091 0.620* 0.091 0.657*** 0.000 0.653*** 0.000 
CONSUMER DISCRETIONARY 0.562** 0.041 0.559** 0.038 0.687*** 0.000 0.685*** 0.000 
CONSUMER STAPLES 0.615*** 0.000 0.611*** 0.000 0.873*** 0.000 0.870*** 0.000 
HEALTH CARE 0.809*** 0.000 0.803*** 0.000 0.483*** 0.001 0.481*** 0.001 
FINANCIALS 0.522*** 0.000 0.519*** 0.000 0.577*** 0.000 0.573*** 0.000 
INFORMATION TECHNOLOGY 0.431*** 0.000 0.426*** 0.000 0.586*** 0.000 0.583*** 0.000 
COMMUNICATION SERVICES 0.555*** 0.000 0.548*** 0.000 0.645*** 0.000 0.643*** 0.000 
UTILITIES 0.578*** 0.000 0.574*** 0.000 0.809*** 0.000 0.803*** 0.000 
REAL ESTATE 0.731*** 0.000 0.731*** 0.000 0.875*** 0.000 0.866*** 0.000  

18 Seehttps://www.indexologyblog.com/2018/01/30/capturing-global-market-gains-using-u-s-sectors/ [Accessed 03 Mar 2022] andhttps://www. 
spglobal.com/marketintelligence/en/documents/the-trucost-of-climate-investing.pdf [Accessed 03 Mar 2022].  
19 See the research based on the presentation delivered at the 2020 World Economic Forum meeting in Davos, Switzerland by Richard Mattison, 

CEO of Trucost, part of S&P Global,https://www.spglobal.com/en/research-insights/featured/the-big-picture-on-climate-risk [Accessed 03 Mar 
2022].  
20 The figures for the remaining sectors are available upon request.  
21 Seehttps://www.indexologyblog.com/2018/01/30/capturing-global-market-gains-using-u-s-sectors/ [Accessed 03 Mar 2022] andhttps://www. 

spglobal.com/marketintelligence/en/documents/the-trucost-of-climate-investing.pdf [Accessed 03 Mar 2022]. 
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Air Freight and Couriers, Airlines and Road and Rail), which includes transportation and construction firms with a high impact on 
global warming. 

Results for ΔCo2Riski
t,τ,θ, therefore reveal that those sectors substantially responsible for the climate emergency due to high carbon 

emissions are also riskier for investors. Although the Financials and Real Estate sectors are not perceived as top climate culprits, they 
also rank high with a large sensitivity to fluctuations in CO2 emission allowance prices. The Financials sector includes banks, insurers, 
and diversified financial firms. Their exposure to climate risk comes from their indirect exposure from the sectors they choose to invest 
in, lend to, and insure. The Real Estate sector (Investment Trusts and Real Estate Management and Development) could be affected by 
both climate risk opportunities. They can provide financial products and services designed to reduce emissions, increase the energy 
efficiency of houses, commercial buildings and operating facilities to reduce overall dependence on fossil fuel energy sources. They are 
also affected by unforeseen events caused by large changes in the land values to which real estate prices are linked or physical risks, 
such as wildfires and rising sea levels, which can directly affect real estate prices (Shi and Varuzzo, 2020). Indeed, emerging research 
shows that exposure to climate-related risks already affects real estate values, e.g., increased perceptions of physical risk in a local 
housing market depress the prices of homes exposed to sea-level rise (Giglio et al., 2015a; Giglio et al., 2015b; Bernstein et al., 2019; 
Baldauf et al., 2020). Similarly, early-stage research has demonstrated that the price of homes falls when they are designated to be in a 
wildfire risk zone (McCoy and Walsh, 2018,Garnache and Guilfoos, 2019). 

We conducted an analysis of the impact of the model used to compute the VaR of the returns of the CO2 emissions permits on the 
reported results.22 We compared the results of the paper with those computed using 9 different GARCH-family models: GARCH(1,1), 
GJR-GARCH(1,1) and AR(1)-GJR-GARCH(1,1), each under three distributions, namely Normal, Student-t, and skew Student-t. In 
addition, as in Caporin et al. (2021) we used a hybrid approach to recover VaR, Co2Risk, and ΔCo2Risk, the Filtered Historical 
Simulation (FHS) by Barone-Adesi et al. (1999). Overall, we find confirmation that most models used to compute the VaR provide 
equivalent results. 

4.4. Implications for portfolio management and economic policy 

Co2Riski
t,τ,θ and ΔCo2Riski

t,τ,θ give us interesting insights into the impact of changes in climate risk, measured by extreme changes in 
the prices of CO2 emission allowances, on financial markets. Modeling the tail dependence of firms and extreme changes in CO2 
emission allowances help investors understand the relationship between carbon markets, make more precise risk assessments, choose 
investment portfolios reasonably, diversify financial risks and formulate effective strategies. ΔCo2Riski

t,τ,θ allows investors to identify 
firms with the highest sensitivity to climate risk. It also shows evidence of a sign-switching sensitivity at different quantiles, which 
implies that the uncertainty surrounding climate change seems to have an asymmetric impact on industry conditional distributions. 
Green scenarios, improving climate conditions, or brown scenarios, worsening climate conditions, have different impacts during bull 
and bear markets. We also observe that extreme declines in the price of CO2 emission allowances cause fat-tailed outcomes in most of 
the industries analyzed, which is evidence of the contribution of climate uncertainty to tail risk. Managing tail risk requires a qual-
itative and quantitative understanding of its sources (among others, CO2 emissions seem to play a role), and the effects on stock prices, 
both of which have been covered in this paper. In addition, Co2Riski

t,τ,θ and ΔCo2Riski
t,τ,θ are time-varying measurements of the risk 

exposure of investors holding portfolios to extreme changes in the price of CO2 emission allowances, which will allow portfolio risks to 
be adjusted according to updated risk forecasts. 

Co2Riski
t,τ,θ and ΔCo2Riski

t,τ,θ can also be used by regulators to gauge the impact of policy changes. Fernando et al. (2021) assess the 
global macroeconomic consequences of changes in climate risk. They explore the macroeconomic effects of climate policies designed 
to transition to zero net emissions by 2050 (transition risk) and the potential macroeconomic consequences of changes in risk premia in 
financial markets associated with increasing concern over climate events and warn of large economic costs associated with climate 
risk. Our paper provides tools for regulators and national governments to assess the carbon risk in the economy more precisely and 
contributes to reducing the uncertainty surrounding the measurement of its impact on the financial markets, as highlighted by Fer-
nando et al. (2021). For example, an aggregate ΔCo2Riski

t,τ,θ index could provide a measurement of the full impact on the financial 
market of extreme changes in the price of CO2 emission allowances caused by a tax incentive for clean technologies or efficient taxation 
of greenhouse gas emissions. 

5. Conclusions 

Understanding how climate risk affects the financial market is becoming critical for central bankers and governments. Global 
warming exposes the global population, nature, and the economy to significant risks of climate-related issues that should be accurately 
reflected in firm values. This paper attempts to contribute to our knowledge of the relationship between changes in climate risk and 
financial market risk by proposing risk measures that allow us to evaluate it in extreme scenarios. 

Using a sample of daily data on 60 industry indices belonging to the S&P500 and daily prices of CO2 emission allowances in the EU- 
ETS market during Phases II and III, we first analyze the extreme downside and upside risk of industry returns conditional on different 
climate risk states, Co2Riski

t,τ,θ. We use quantile regression to cover the entire spectrum of the functional relations between industry 

22 We want to thank an anonymous referee for suggesting this analysis. Detailed results are available upon request. 
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returns and CO2 emission allowance returns as a market proxy for changes in climate risk. According to our main findings, financial 
markets price carbon risks asymmetrically. We find asymmetric tail dependence indicating that the risk exposure of industry returns 
depends on the climate risk scenario and on whether downside risk or upside risk prevails in the market. We find that downside risk is 
exacerbated when changes in CO2 emission allowance prices indicate a favorable (green) climate scenario, whereas the opposite is true 
when they indicate an adverse (brown) one. 

Investors in industry portfolios have a different perception about climate risk when upside risk prevails than when downside risk 
does. In the first case, when industry returns are in the upper quantiles, economic conditions induce optimism and lower carbon returns 
are perceived by investors as lower expected costs for high-polluter industries, increasing demand for them and causing industry stock 

Fig. 5a. Dynamic Conditional Correlation with model DCC-GJRGARCH(1,1) between EUA and industry demeaned returns belonging to Industrials 
(top plot), Consumer Discretionary (middle plot), and Consumer Staples (bottom plot) sectors. 
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prices to increase. In the second case, when industry returns are in the lower quantiles, investors perceive good news in the CO2 market 
as a diminishing carbon risk premium for polluter companies, and they are willing to buy assets with lower expected returns causing 
stock returns to fall. This finding has practical implications for risk managers of portfolios with long or short positions. According to our 
results, improving global warming conditions that will decrease the prices of CO2 emission allowances, increasing the marginal 
extreme risks of investors with either long or short positions in high polluter companies, plays a more crucial role in investor pref-
erences than increasing emission allowance prices. It is as if the uncertainty in the stock market increases when the good news about 
global warming comes from the EUA price market. 

ΔCo2Risk evaluates the marginal contribution of changes in climate risk state to the risk exposure of industry portfolios and assesses 
the sensitivity of industry equity to large movements in prices in the CO2 market. Our analysis reveals higher sensitivity during Phase 

Fig. 5b. Dynamic Conditional Correlation with model DCC-GJRGARCH(1,1) between EUA and industry demeaned returns belonging to Health Care 
(top plot), Financials (middle plot), and Information Technology (bottom plot) sectors. 
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III than Phase II. Focusing on Phase III, the greatest responsiveness to extreme environmental conditions is observed in the Energy, 
Materials, Financials, Industrials, and Real Estate sectors. Energy and Materials also top the list of CO2 high-emission sectors. This 
finding contributes to a better understanding of the market’s role in curbing the emission activities of polluting industries through 
investor awareness of the increasing risk exposure of holding firms strongly affected by global warming in their portfolios. So, firms 
switching to cleaner production and achieving emission reductions will benefit from the dependence of returns on climate risk. 

One notable finding is that the Utilities sector, a high-polluter, does not show much sensitivity to changes in the climate risk state, 
so the dampening effect of changes in climate risk state found in other highly polluting sectors is not at work here. This result indicates 
that carbon risk remains unassessed on the risk registers of this sector and there is room for national and local governments to develop 
the right incentives to tackle this sector’s contribution to climate change. 

Fig. 5c. Dynamic Conditional Correlation with model DCC-GJRGARCH(1,1) between EUA and industry demeaned returns belonging to Commu-
nication Services (top plot), Utilities (middle plot), and Real Estate (bottom plot) sectors. 
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Appendix A. DCC Model 

To estimate the conditional correlations, we first estimate a univariate GJR-GARCH(1,1) (Glosten et al., 1993) model for the each 
variable 

σ2
i,t = ωi

0 +αi
0ε2

i,t− 1 + γi
0 ε2

i,t− 1Ii,t− 1 + βi
0σ2

i,t− 1 (9)  

where εi,t− 1 is the demeaned returns of the i-th industry, Ii,t− 1 is an indicator function, whicDu and He, 2015,to one when εi,t− 1 < 0, 
which denoting bad news, and zero otherwise, which denoting good news. The coefficient γ0 is used to measure the difference between 
the effects of good news and bad news on the conditional variance, namely, the leverage effects. 

This paper employs GJR-GARCH model which can capture the characteristics of financial returns, such as volatility clustering, fat 
tails, skewness, and leverage effects (see Du and He, 2015, Glosten et al., 1993; Hung et al., 2008, among others). 

We compute the standardized innovations as zi,t = εi,t/σi,t∼
iidN(0,1). Following Engle (2002), we model the conditional correlation, 

Γt as 

Γt = diag(Qt)
− 1/2Qtdiag(Qt)

− 1/2 (10)  

Qt = (1 − α1 − β1)Q+ α1
(
Zt− 1Z

′

t− 1

)
+ β1Qt− 1 (11)  

where of Zt is the bivariate vector of the standardized industrial returns’ and the standardized EUA returns, Q is the unconditional 
correlation matrix of Zt , diag(Qt) is a diagonal matrix with the diagonal elements of Qt. The square root of diag(Qt) re-scale the elements 
of Qt to ensure the conditional correlations requirement of 

⃒
⃒ρi,j
⃒
⃒⩽1. The α1 and β1 are scalar parameters (Figs. 5a,5b,5c). 

Appendix B. Co-skewness and co-kurtosis 

The concept of covariance matrix when extended to the higher moments particularly the third and fourth moments like skewness 
and kurtosis gives rise to the concept of co − skewness and co − kurtosis. In our paper, we are interested in two variables, r1, r2 (N = 2), 
the industry index (subscript 1) and the EUA (subscript 2) returns. Thus, the co − skewness is the correlation between the return of one 
variable and the square returns of the other, consequently, we can define two types of co − skewness, namely, left and right co − skewness. 
Left co − skewness can be defined as 

S
(

r1, r1, r2

)

=
a112

σ2
1σ2

(12)  

where σ denotes the standard deviation of each variable and a112 is the third cross central moment defined as 

aijk =
1

T − 1
∑N

i,j,k=1

∑T − 1

t=1

(

rt,i − μi

)(

rt,j − μj

)(

rt,k − μk

)

(13)  

where μ is the mean of each variable. The left co − skewness measures the contribution of the carbon price fluctuations to the skewness of 
the joint distribution of the two assets (industry index and EUA). In the same way, the right co − skewness is the contribution of the 
industry return to the skewness of the joint distribution of the two assets 

S
(

r1, r2, r2

)

=
a122

σ1σ2
2

(14) 

We also can compute the left (right) co − kurtosis, that would be the contribution of the asset 2 (1) to the kurtosis of a portfolio 
including the two assets. In addition a middle co − kurtosis would provide information about the correlation between the variances of 
the two assets. Therefore, the left co − kurtosis is 

K
(

r1, r1, r1, r2

)

=
b1112

σ3
1σ2

(15)  

where b1112 is the fourth cross central moment, defined as 

bijkl =
1

T − 1
∑N

i,j,k,l=1

∑T − 1

t=1

(

rt,i − μi

)(

rt,j − μj

)(

rt,k − μk

)(

rt,l − μl

)

(16) 
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The middle co − kurtosis is 

K
(

r1, r1, r2, r2

)

=
b1122

σ2
1σ2

2
(17)  

and finally, the right co − kurtosis is 

K
(

r1, r2, r2, r2

)

=
b1222

σ1σ3
2

(18)  
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