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1 Introduction

The European Union (EU) aims to be climate-neutral by 2050 – an economy with net-zero greenhouse

gas emissions. This objective is at the heart of the European Green Deal and in line with the EU’s

commitment to global climate action under the 2015 Paris Climate Agreement. However, while

the transition to low-carbon economies is a policy imperative, the path may entail extensive policy,

legal, technology, and market changes. In particular, the path could expose financial markets to the

so-called transition risk1.

Transition risk results from the adjustment towards a low-carbon economy and the possibility

that shifts in policies or technologies designed to mitigate and adapt to climate change could affect

the value of financial assets and liabilities, disrupting inter-mediation and financial stability. More

precisely, transition risk results from changes in climate policy or regulation or technological inno-

vations that cause a decrease in the competitiveness of high-carbon technologies and infrastructures

(in turn leading to increased costs, stranded assets, stranded processes, or credit losses). The EU

has been gradually reducing its level of greenhouse gases (GHG, henceforth) by over 20% in 2020

since its 1990 levels, mainly thanks to the creation in 2005 of the EU Emissions Trading Scheme

(ETS). However, concerns over climate-related financial risks only recently became more prevalent

in the financial sector. Therefore, a relevant research question regards the ability to account for

transition risk by credit-risk models.

Traditionally not crafted for capturing transition risk, credit-risk models account for different

credit risks drivers, such as equity returns, equity volatility, and macroeconomic factors (often prox-

ied by stochastic risk-free interest rates). More sophisticated credit-risk models are based on Merton

[1974]-like jump-diffusion processes to capture unexpected events that negatively affect equity value.

In particular, the jump component is required to replicate the empirically-observed high short-term

credit spreads (see, e.g., Zhou [2001], among others). In addition, it is economically justified by the

discounting of unforeseen information of firms’ credit quality deriving by the asymmetric information

that affects investors; see, e.g., Giesecke [2006]. Since asymmetric information also characterizes the

introduction, and the time of introduction, of green regulations, a question arises if jump-diffusion

models are suitable to capture transition risk.

Recently, Agliardi and Agliardi [2021] propose a model for defaultable perpetual bonds incor-

porating uncertainty due to climate-related risks, in addition to the uncertainty about corporate

earnings; the Agliardi and Agliardi [2021]’s model is similar to the Hilberink and Rogers [2002] one.

In particular, in their specification, the random policy shocks and degree of greenness determine

downward jumps in the firm value. Compared to these references, our contribution is to consider a

version of their credit-risk model with finite-time maturity and an exogenous default barrier instead

of endogenous, and derive a closed-formula for pricing Credit Default Swap (CDS, henceforth). Here,

we also mention the work of Le Guenedal and Tankov [2022], who quantify in the previous models

the impact of scenario uncertainty and progressive information discovery on bond prices.

In particular, we focus on CDS spreads because they offer some advantages with respect to usually

used credit risk measures (e.g., ratings). Indeed: (i) They are more reactive to new information

arriving in the market than bonds or ratings (see, e.g., Norden and Weber [2009]); (ii) They admit

standardized contractual characteristics which make them comparable within the corporate universe;

(iii) Contrary to bonds, the trading in the CDS market is sufficiently active (see, e.g., Ederington

et al. [2015]); see also the discussion in Blasberg et al. [2022]. In particular, CDS spreads are a

more precise measure of default risk premia than interest rates spreads, which also include other

risk factors such as inflation expectations, exchange rate differences, and heterogeneity in the risk

free-rate across countries.

We test the ability of the proposed model to capture transition risk. More precisely, we inspire

our empirical investigation from Blasberg et al. [2021] and Blasberg et al. [2022]; a more detailed

1Notice that another type of risk cited in climate finance is the so-called physical-risk, which reflects the uncertain

economic costs and financial losses from tangible climate-related adverse trends and more severe extreme events
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description of their methodology will be given in Section 3. They propose a forward-looking proxy

for transition risk exposure based on CDS spreads and study how it affects firms’ creditworthiness.

A second driver of transition risk is constructed adopting carbon allowances, tradable government

permits that allow firms to emit CO2 in the atmosphere. As quoted contracts, the price of carbon

allowances (i.e., carbon price) should increase when new green policies are enacted, affecting the

financial stability of high-pollutant companies. Hence, we aim to link transition risk to the carbon

price time series.

In our investigation, we consider a sample of 84 European companies. Then, we calibrate the

model by fitting the market term structure of CDS spreads for every single company and each

single trading day in the 5 years time window. Given the very long time horizon of the low-carbon

transition, we consider market-implied credit risk for a variety of maturities, namely the 6-month,

1-year, 2-year, 3-year, 4-year, 5-year, 7-year, 10-year, 20-year, and 30-year CDS spread. At this

point, we conduct a quantile regression analysis to investigate to which extent the transition risk

can explain the spreads between daily variation in theoretical CDS quotations and market-model

calibration errors. The quantile regression allows us to provide a more detailed picture of the observed

effects with respect to conditional mean models. In addition to the transition risk factor, we include

in the regression the most relevant determinants of CDS spreads analyzed in the literature, from

firm-specific variables like stock return and volatility, to common variables like the underlying market

condition. The investigation, considering as proxy for the transition risk the forward-looking metrics

proposed in Blasberg et al. [2021] and Blasberg et al. [2022], confirms the hypothesis that the jump-

diffusion model can depict the CDS market stylized facts and, moreover, no significant relationship

is measured between calibration errors and transition risk. Considering the second driver of the

transition risk (i.e. carbon price), we found discordant results, since it does not follow theoretical

expectations about the relationship between transition risk and CDS quotations, thus it is omitted

from the final results. To conclude, we conduct the same analysis using the model without jumps,

showing that it is not capable of depicting the stylized facts of the CDS market, confirming the

jump-like nature of the transition risk.

1.1 Positioning of our Work in the Literature

The present work contributes to the literature aiming to establish the capability of a credit-risk jump-

diffusion model to capture transition risk from the market. In particular, it stands among works

focusing on the investigation of topics such as sustainable finance, climate change, and transition

risk. In addition to the references mentioned so far, we cite the following ones. Delis et al. [2018]

observe that banks appeared to start pricing climate policy risk after the Paris Climate Agreement.

Giacchetta and Giacometti [2023] investigate the impact of transition risk on the European banking

system, performing climate stress scenarios to assess expected capital shortfall. Jung et al. [2018]

provide evidences of the existence of a positive association between the cost of debt and carbon

related risks for firms. Battiston et al. [2017] find that while direct exposures to the fossil fuel

sector are small, the combined exposures to climate policy-relevant sectors are large, heterogeneous,

and amplified by large indirect exposures via financial counterparties. Heo [2023] explores the

consequences of physical and transition risk on the banking sector, showing an increase of systemic

risk, especially for banks more exposed to climate risk. Ilhan et al. [2021] show that, for a sample of

S&P 500 companies, higher emissions increase downside risk – the potential losses that may occur if

a particular investment position is taken. Monasterolo and de Angelis [2020] indicate that investors

require higher risk premia for carbon-intensive industries’ equity.

Within the CDS framework, instead, Barth et al. [2022] enhance well-established fundamental

models with ESG data and shows that the market valuation of environmental performance pre-

dominantly drives changes in CDS spreads. Kölbel et al. [2020] construct textual, forward-looking

measures of climate risk exposure and are able to show that transition risk is priced in CDS market.

Blasberg et al. [2022] propose and implement a novel market-based measure of exposure to transition
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risk and show that the transition risk factor is a relevant determinant of CDS spreads. Vozian [2022]

finds that firms with higher GHG emissions have higher CDS-implied credit risk, even at the 30-year

horizon, employing several proxies of the transition risk.

1.2 Organization of the Paper

The rest of the paper is organized as follows. Section 2 introduces the model and discusses the

interpretation of parameters as transition risk drivers. Section 3 lays down the semi-closed formulas

to price defaultable bonds and CDSs. Section 4 presents the research question(s), the dataset, the

control variables and the methodology. Section 5 states the empirical investigation and discusses

the results. Section 6 reports the conclusions.

Additional contents that are not addressed within the main body of the paper are discussed in the

Online Appendix. First, the derivation of the pricing formulas is proposed, followed by the sensitivity

analysis of the theoretical credit spread generated by the jump-diffusion model. Moreover, a com-

prehensive representation of the results of the investigation is presented, including the descriptive

statistics of the dataset.

2 The Model

Let us consider a structural credit risk model, where the value (EBIT) of a firm is described by the

jump-diffusion stochastic process defined on filtered probability space
(
Ω,F , (Fτ )t≤τ≤T , Q

)
. The

dynamic of the firm is given by:2

dVt

V −
t

= (r − λξ)dt+ σdWQ
t + d

(
Nt∑
i=1

(Si − 1)

)
(1)

where r is the constant free-risk interest rate, σ is the volatility and Wt is a Wiener process defined

on the jump-related risk-adjusted measure Q. The Poisson process Nt has a constant arrival rate λ

and Si indicates a sequence of non-negative independent and identically distributed (i.i.d.) random

variables. The amplitude of the jumps, driven by the random variable Yi = ln(Si), follows an

exponential distribution, having density:

fY (y) = ηeηy1{y<0} (2)

where the parameter η models the average jumps magnitude and 1{.} is the indicator function,

imposing that the firm can only be affected by downward jumps. As a common assumption, the

drift of firm-value stochastic process defined in (1) is adjusted by λξ, where:

ξ = E
[
eYi − 1

]
=

η

η + 1
− 1 (3)

so that the dynamics of V is consistent with the jump-related risk-adjusted measure Q.

In this framework, based on the Agliardi and Agliardi [2021], the jump component in the process

describes the impact of green policies on the value of the firm. As new green laws are released by

the regulator, imposing lower carbon emissions and promoting the adoption of sustainable technolo-

gies, companies are forced to comply with the new requirements, incurring sudden costs which can

undermine the financial stability of the firm and badly affect the creditworthiness. The impact of

the green policies on the value of the firm depends on the parameter 1/η, describing the average

jump magnitude. This parameter provides a measure of the costs a company must undertake when

new green laws are enacted, indicating the exposure to transition risk.

Firms’ exposure to transition risk may result from several factors, such as a high dependency

on carbon emissions or to be reliance on brown business models. For instance, companies that are

2The notation V −
t indicates that, if a jump occurs, the value of the process before the jump is used as a left-side

contribution.
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investing in green projects, and aligning their business line to low-carbon standards, will be less

exposed to this risk, thus the impact of new policies on their valuation will be minor. In our model,

the parameter η is associated with a firm’s level of greenness, so that greener firms (↑ η) will be

affected by smaller jumps than brown firms (↓ η).

The intensity of unexpected events that cause a sudden reduction of the firm’s value is defined

by λ, the arrival rate of the Poisson process. It reflects the intensity of the transition risk due

to climate-change policies. Standard choices comprise considering these values as a constant and

assigning it to an exogenous variable such as the rate of enactment of new green laws or an indicator

of the rate of climate change or a macroeconomic variable. In the current framework, the arrival

rate is defined constant as, for example, in Agliardi and Agliardi [2021].

When a company is unable to comply with green laws by adjusting the business model, the firm

may go bankrupt. In our model, we define this credit event (default) as the first time the firm-value

process breaches (from above) a constant default barrier, denoted by Vdef . Therefore, the default

event coincides with the following first-passage time:

td = inf {t > 0 : Vt ≤ Vdef} , t ∈ (0, T ] (4)

In the case of bankruptcy, the debt holder is refunded with a percentage (so-called recovery rate) of

the face value of the security. The recovery rate is assumed constant and denoted by Υ. This type

of recovery is known as the recovery of face value, see Duffie and Singleton [1999], Guo et al. [2008]

and Gündüz and Uhrig-Homburg [2014].

3 Pricing Defaultable Coupon Bonds and Credit Default Swaps

In this section, we present the pricing formulas for a defaultable coupon bond and a CDS derived from

the model, described in Section 2. The approach, based on Chen and Kou [2009], has been already

proposed in the literature, in fact our model is a simplified version of the Kou and Wang [2004]

one. Originally, the model was driven by the same dynamics but equipped with two different jumps,

providing an upward and downward component. For our purpose, as mentioned in the previous

section, we intend to have the downward component only. Hence, in this framework, it is possible

to derive the first-time passage probability for the model, as described in Kou and Wang [2003] and

shown in the Online Appendix. Once obtained, the pricing formulas can be derived accordingly to

Chen and Kou [2009], requiring the computations of inverse Laplace transforms, which is performed

via the numerical method outlined in the Online Appendix.

3.1 Pricing Defautable Coupon Bonds

The value of a defaultable coupon bond at time t with unit nominal value, paying a continuous

coupon rate b, with maturity T and a constant recovery of face value Υ, is given by:

B (x, t;T ) = E

[
e−r(T−t)1{td>T} +Υe−r(td−t)1{T≥td≥t} +

∫ T

t

be−r(z−t)1{td>z}dz

∣∣∣∣∣Ft

]
(5)

A closed-form solution of the Laplace transform of (5) is provided in Proposition 1. The proof is in

the Online Appendix.

Proposition 1 Consider B in (5), we have that:

B (x, t;T ) = L−1 (F (x, t;ω)) (6)

where L−1 is the inverse operator of the Laplace transform of parameter ω > 0. The Laplace

transform of the bond price, denoted by F , is defined as:

F (x, t;ω) = H (x, t;ω + r)

(
b

r
− b(ω + r)

rω
+

Υ(r + ω)

ω
− 1

)
+

(
1

ω + r
+

b

rω
− b

r(ω + r)

)
(7)

5



where H is the Laplace transform of the model default probability.3

The numerical method to compute the inverse of the Laplace transform (7), which is adopted to

derive the price of the defaultable coupon bond defined in (5), is described in the Online Appendix.

3.2 Pricing Credit Default Swaps

A CDS is a swap financial contract that provides protection to the buyer from adverse events (default)

of a company. In particular, the buyer agrees to make continuous payments to the protection seller

until the credit event occurs or the contract expires. The paid amount is called CDS spread. If the

default occurs before the maturity of the contract, the protection seller refunds the buyer by the

loss-given default. In the valuation of such a financial contract, we need to separately address the

two components, called legs. The leg whose price depends on the current value of the loss-given

default is called the protection leg, whereas the leg concerning the spread is called the premium leg.

Let us consider a CDS written on a bond with unitary face value, initial protection time (current

time) t, and maturity T , and let td denote the (random) time of default. Moreover, let us assume

that the CDS spread, which is denote by Π, is paid continuously. Then, at time t, the premium and

the protection legs can be defined (see, e.g., Chen and Kou [2009] and Gündüz and Uhrig-Homburg

[2014]) as follows:

PremiumLeg (x, t;T ) = E

[
Π

∫ T

t

e−r(z−t)1{td≥z}dz

∣∣∣∣∣Ft

]
(8)

and

ProtectionLeg(x, t;T ) = E
[
e−r(td−t) (1−Υ)1{T≥td≥t}

∣∣∣Ft

]
(9)

respectively. By equating the premium and protection leg and solving for Π, we obtain the CDS

spread:

Π (x, t;T ) =
(1−Υ)E

[
e−r(td−t)1{T≥td≥t}

∣∣Ft

]
E

[∫ T

t

e−r(z−t)1{td>z}dz

∣∣∣∣∣Ft

] (10)

A closed-form solution of the Laplace Transform of (10) is given in Proposition 2. The proof is in

the Online Appendix.

Proposition 2 Consider Π in (10), we have that:

Π(x, t;T ) =
L−1 (FProtectionLeg (x, t;ω))

L−1 (FPremiumLeg (x, t;ω))
(11)

where L−1 is the inverse operator of the Laplace transform of parameter ω > 0. The Laplace

transform of the premium leg (divided by the CDS spread) is given by:

FPremiumLeg (x, t;ω) = H (x, t;ω + r)

(
1

r
− (r + ω)

rω

)
+

1

rω
− 1

r (r + ω)
(12)

Moreover, the Laplace transform of the protection leg is defined as:

FProtectionLeg (x, t;ω) = H (x, t;ω + r)
(1−Υ) (r + ω)

ω
(13)

where H is the Laplace transform of the model default probability.3

As in the previous case, the numerical method to compute the inverse of the Laplace transforms

(12) and (13), which is employed to obtain the CDS spread defined in (10), is outlined in the Online

Appendix.

3H is defined in the Online Appendix.
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4 Research Design, Dataset and Methodology

In this section, we outline all the premises before delving into the empirical investigation. First, we

explain the research questions and define the hypothesis, distinguishing between the two models we

are considering; see Subsection 4.1. Second, we present the dataset employed in the empirical inves-

tigation; see Subsection 4.2. Third, we describe the construction of the control variables employed

in the analysis; see Subsection 4.3. Finally, Subsection 4.4 describes the methodology.

4.1 Background and Hypothesis Definition

The research design involves studying the model’s capability to capture transition risk. This goal

is achieved by calibrating the model daily to market CDS spreads and assessing the implied prices’

relation to transition risk proxies. First, we consider the empirical evidence regarding the jump-

diffusion model, an analysis that aims to confirm the jump-like nature of the transition risk. Then,

for comparison, we propose a discussion on a diffusion model. The jump-diffusion model seeks to

capture transition risk via its jump component; see Section 2. Unlike the diffusion model, it has

endorsed more model parameters, resulting in a better capability to fit the term structure of the

CDS spreads. In particular the Online Appendix discusses, via sensitivity analysis, theoretical con-

siderations about the model’s capability to generate different CDS spreads about the firm’s exposure

to transition risk. We now enumerate and discuss the four hypotheses we intend to verify.

Hp 1.a: The jump-diffusion model presents a positive relation between transition risk factor(s)

and model CDS spreads.

Recent studies show the presence of a positive relationship between transition risk indicators and

market CDS spreads, pointing out a quantifiable dependence between each other; see, e.g., Vozian

[2022] and Huij et al. [2022]. Our analysis calibrates a pricing model to the market CDS term

structure, deriving the implied prices. Therefore, if the model accurately describes the market CDS

term structure, we expect that the same analysis performed on jump-diffusion-calibrated prices will

produce similar results.

Hp 2.a: The jump-diffusion model shows no-significant relation between transition risk factor and

calibration errors.

Despite the capability of the jump-diffusion model to accurately reproduce market CDS stylized

facts, a relevant question we pose is about the pattern of calibration errors. In fact, when we cali-

brate and estimate the outcomes, the model may underestimate or overestimate the market. Being

aware of these tendencies, especially in times when transition risk is consistent, is essential guar-

anteed a prudent adoption of the model. Overall, we expect that calibration errors do not show

relevant relations with a proxy of the transition risk, meaning that the jump-diffusion model is able

to fit the CDS term structure even in turmoil times.

Hp 1.b: The diffusion model cannot capture market CDS spreads evidences as the jump-diffusion

one.

Diffusion models have found extensive applications in describing economic phenomena due to their

easy implementation and fast calibration; see, e.g., Brigo and Tarenghi [2009]. In this paper, we

adopt the framework proposed by Merton [1974], a well-known credit risk model commonly consid-

ered a benchmark in this kind of topic. We aim to verify that this model cannot follow the market

CDS stylized fact like the jump-diffusion one, confirming the requirement to design a more complex

model to capture transition risk.

Hp 2.b: The diffusion model shows significant relation between transition risk and calibration er-

rors.

As in the jump-diffusion framework, we are interested in assessing the model’s capability to repro-
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duce the CDS term-structure, but in this case we expect significant relations between calibration

errors and the indicator of transition risk. In fact, it would confirm that a simple diffusion model

yields relevant market underestimation or overestimation in acute transition risk period.

4.2 Data

We use data belonging to the European markets. In particular, for each firm, we collect the following

data:

1. CDS spreads.

2. Firm-specific references and financial data.

3. Firm-specific GHG data.4

4. EU carbon price.

5. Macroeconomic variables.

The dataset covers the single-name CDS spreads of companies whose market capitalization is above

EUR 250 million. It comprises contracts denominated in Euros and linked to Senior Unsecured

Debt. The examined period spans five years, starting on January 03, 2017, and ending on December

31, 2021. We collect daily quotes for the entire CDS-term structure, with maturities ranging from

6 months to 30 years. From the initial sample, we do not consider firms where any CDS maturity

time series presents missing values or illiquid quotations. To remove outliers, we winsorize the CDS

spreads at the 99th percentile.

We employ firm-specific financial data and credit ratings. We collect daily stock prices and

yearly revenues. The firm-specific credit ratings are obtained from S&P’s and Moody’s contributors,

choosing Senior Domestic long-term ratings. When the preferred contributors did not provide credit

ratings, we don’t consider the company in the analysis.

Indicators of exposure to transition risk are built employing GHG emissions data and carbon

permit allowances future quotations. GHG data comprises firm-specific emissions in each year under

study, consisting of Scope 1 and Scope 2 emission categories. The former gathers emissions that occur

directly from sources controlled or owned by an organization, whereas the latter refers to indirect

emissions stemming from the company’s supply chain. In our analysis, the company is excluded if

any firm-specific GHG data is unavailable. The second indicator of transition risk is derived from the

carbon price. In particular, we adopt the time series of the futures continuation carbon allowances

contract.5 Finally, the macroeconomic variable is the Euribor-6m over the 5-year period, which is

used as the risk-free interest rate. The final dataset is composed of 84 firms, resulting in 105756

CDS spread. All data has been collected from Refinitiv Eikon database.

4.3 Control Variables

This study employs several control variables to measure the models’ capability to assess transition

risk. To select control variables, we build on the recent works of Blasberg et al. [2021] and Vozian

[2022], which have addressed similar issues, although by analyzing the impact of the transition risk

exclusively from a market perspective. More precisely, our control variables are:

a. Stock returns.

4The first definition of greenhouse-gases was stated within the United Nations Framework Convention on Climate

Change (1992), an international treaty aiming to combat climate change, by stabilizing emissions in the atmosphere.

The formal implementation of these measures arrived with the Kyoto Protocol, in 1997.
5Carbon Price or European Union Emissions Trading System is a scheme to reduce GHG emissions. Such policy,

which is currently implemented in Europe, establishes a price to carbon emissions by forcing companies to buy

contracts (carbon allowances) to emit 1 tonne of CO2. As this amount increase, we can expect that the market price

of transition risk rises.
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b. Historical stock volatility.

c. Mean Rated Index.

d. Two proxies of the transition risk.

Stock returns are widely consider a proper explanatory variable for the CDS spreads variation,

as they are a proxy of the firm’s equity value. In the literature, Merton [1974] argued that if

stock returns increase, the default probability of the company should decrease. Hence, we ex-

pect a negative relation between stock returns and CDS spreads. We compute stock returns as

ri,t = log(Ei,t)− log(Ei,t−1), where Ei,t indicates the price of the stock i at day t.

Historical stock volatility describes the variance of the value of a company. We can expect that,

as long as the volatility increases, the perceived credit risk of a company is higher. The relation

between CDS spreads and historical volatility should be positive; see, e.g., Galil et al. [2014]. We

compute the volatility σi,t (or the variation ∆σi,t) as the annualized variance of the stock return

ri,t, on a 255 days rolling window.

As the third control variable, we include a factor representing a measure of the market credit

risk condition about credit rating. This control variable is the Median Rated Index of Galil et al.

[2014], which is defined as the median CDS spread of all the firms belonging to the S&P’s macro

categories {AAA/AA}, {A}, {BBB}, {BB+ or lower}. We denote this factor as MRImi,t (or the

variation ∆MRImi,t), where m indicates the maturities of the CDS spread. Note that MRImi,t presents

an index i because this control variable is firm-specific: each firm is linked to a group-based value of

Median Rated Index, depending on which category the firm belongs to. We mention that, when the

S&P’s credit rating was not available, we collect the quotations from Moody’s contributor, being

aware of performing the correct conversion. This factor, describing a general condition of credit risk

in the market, shows a positive relationship with the CDS spreads; see, e.g., Galil et al. [2014].
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Figure 1: This figure reports the median CDS spread for companies belonging to green and brown

groups at different maturities (1 year, 5 years, 10 years, and 30 years), providing a visual represen-

tation of the green spread estimated from the market.

Finally, we discuss the construction of transition risk proxies. The literature proposes various

examples for these factors, mainly based on firm-specific carbon emission data; see, e.g., Vozian

[2022] and Zhang and Zhao [2022]. This framework lies on studies that have observed a direct

relation between a company’s exposure to transition risk and emission intensity; see, e.g., Bolton and

Kacperczyk [2021]. Unfortunately, these measures are only available on an annual basis, providing a

metric of a company’s total emission rate in a given year. Since our study requires a daily proxy of

the transition risk, we cannot use these variables directly, but we need to derive proper daily factors.

We use two different indicators of transition risk, which are described below.

In particular, the first one is borrowed from Blasberg et al. [2021] and Blasberg et al. [2022],

whereas the second, as far as we know, is a novel indicator of transition risk. In what follows, in

order to lighten the description of the First Indicator, we avoid the writing of these references.

First Indicator. We build a transition risk factor representing the distance between CDS spreads

of firms categorized as ”green” and ”brown”. The classification is based on GHG emissions (Scope

1 and Scope 2, normalized by revenues) and credit rating, where low emission-high credit rating

belongs the former, while high emitting-low credit rating to the latter.6

6Groups are defined based on emission intensity and credit rating. Let ESi,t be the emission intensity and CRi,t

be the credit rating, for firm i = 1, ..., N and time t = 1, ..., T . The groups are created by dividing firms in quantiles

with respect to these metrics, for every t. In particular, let Gm
t,j be the set of firms at time t where m lies within the

j − th quantile. Groups are defined, both for emission intensity and credit rating, as:

GES
t,1 = {i|ES(i,t) ≤ ES

1/3
t } GCR

t,1 = {i|CR(i, t) ≤ CR
1/3
t }

GES
t,2 = {i|ES1/3t < ES(i,t) ≤ ES

2/3
t } GCR

t,2 = {i|CR
1/3
t < CR(i, t) ≤ CR

2/3
t }

GES
t,3 = {i|ES(i,t) > ES

2/3
t } GCR

t,3 = {i|CR(i, t) > CR
2/3
t }

(14)

where the apex 1/3 indicates the subgroup containing the firms with lower emissions (j = 1). We note that we
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Once the two groups have been defined, we employ two different approaches to define transition

risk. The first method consists in estimating this factor as the difference between the median CDS

between the two groups:

TRm
t = median(CDSbrown

t )−median(CDSgreent ) (17)

Figure 1 shows the market CDS spread constructed by the metric presented in (17). We can no-

tice how the difference between green and brown firms is significant and, in particular, the spread

increases along the maturities, indicating that the market price of transition risk is higher on the

long term. The spike we can spot at the beginning of the year 2020, which is due to the COVID-19

pandemic financial turmoil, affects as expected both green and brown companies.

The second method, instead, is based on the derivation of the Wasserstein distance between two

empirical cumulative distribution functions (ECDF). In particular, we compute the ECDF of the

CDS spreads of the companies in the green and brown group, where m indicates the maturities, as

defined:

F̂m
t (x) =

1

|Ggreen
t |

∑
i∈Ggreen

t

1(CDSm
i,t≤x) and Ĝm

t (x) =
1

|Gbrown
t |

∑
i∈Gbrown

t

1(CDSm
i,t≤x). (18)

At this point, it is possible to measure the evolution of the transition risk over time. To do this, we

adopt the first-order Wasserstein distance, computed between the empirical cumulative distribution

functions, defined as:

TRm
t =

∫ 1

0

∣∣∣∣(F̂m
t

)−1

(u)−
(
Ĝm

t

)−1

(u)

∣∣∣∣ du (19)

Intuitively, as long as the perceived level of transition risk in the market rises, the relative distance

between green and brown CDS spreads increases, resulting in a larger measure of transition risk.

This metric, which is used to gauge the distance between two distributions, has found large adoption

in the literature; see, e.g., Hosseini-Nodeh et al. [2023], Goffard and Laub [2021], and Feng et al.

[2023].

Second Indicator. We introduce a novel approach to model transition risk, based on the carbon

price. The basic idea is that significant perturbations in the time-series of carbon price should

be related to the reduction of emission limits or the design of tighter green laws, i.e. drivers of

transition risk. In particular, we can expect that brown companies should be more receptive than

green companies to these dynamics, resulting in an impact on their CDS spreads. We denote the

carbon price factor as CPt (or the variation ∆CPt).

In Figure 2, we report the spot price for carbon allowances in Europe (January 03, 2017 - December

31, 2021). Our approach lies on a shared thought in the literature, whereby the carbon price is

consider a driver of transition risk.

compute the groups over the time period under study.

Then, combining this preliminary classification, we obtain the final nine groups:

Gt;j,k = GES
t;j ∩ GCR

t;k where j = 1 . . . 3 k = 1 . . . 3 (15)

where green and brown groups are defined as:

Ggreen
t = {Gt;13Gt;12} and Gbrown

t = {Gt;31Gt;32} (16)
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Figure 2: Price of carbon allowances in Europe.

Nevertheless, recent studies introduced this metric from a theoretical perspective only, as out-

lined in the following. Belloni et al. [2022] studies the impact of transition risks deriving from climate

change mitigation policies on the financial system, by assessing the consequences of carbon price

rising via a banking sector contagion model. Le Guenedal and Tankov [2022] investigates how differ-

ent future transition scenarios can affect the price of debt securities, assuming different theoretical

carbon prices based on enactment of more stringent green policies. So far, as we know, no studies

have adopted the Carbon Price as an indicator of transition risk, in particular regarding the CDS

spread pricing framework. Descriptive statistics of market CDS spreads and control variables are

presented in the Online Appendix.

Before introducing the methodology, we mention further studies which adopted different control

variables to investigate the change in CDS spreads compared to transition risk. In Vozian [2022], a

fine collection of market data has been used to regress several financial variables on the CDS spreads.

In addition to GHG emissions proxy, the work proposes other indicators of the effort of the firm’s

management to face green transition, which are defined based on internal policies, reduce-emission

target setting and internal carbon pricing.

In Kölbel et al. [2023], the authors formulate a study on the effects of disclosing company’s climate

risks on the CDS spread. These measures are created by BERT, a Natural-Language-Processing

algorithm which is able to extract quantifiable information from text data. In particular, this

algorithm has been used to measure the firm exposure to transition and physical risk, analyzing

a section of the 10-K filings document, a financial report where companies are obliged to disclose

financial condition. Although these approaches are interesting they are beyond the scope of our

work, whereby we only refers to GHG-related factors.

4.4 Methodology

Based on the framework of Blasberg et al. [2021], the research investigation is performed by applying

a panel quantile regression, assessing the relations along the conditional distribution of the dependent

variable, i.e. the CDS term-structure.

Many authors en-light the advantages of this technique compared to standard linear regression.

Indeed, quantile regression can mitigate the presence of outliers and non-normal errors, relaxing the

assumptions underlying the application of standard linear regression; see, e.g., Koenker and Hallock

[2001]. Let yi,t be the dependent variable, where i = 1, . . . , N and t = 1, . . . , T .7 The quantile

7From now on, T refers to the number of time-based (daily) observations that we are considering in our empirical

analysis.
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regression is defined as:

Qyi,t
(τ |xi,t) = αi,t + xi,tβτ + ϵi,t (20)

where τ ∈ (0, 1), Q is the conditional quantile of yi,t with respect to xi,t (m-dimensional regressor

vector), and αi,t indicates the fixed-effects. The estimation of the coefficients is performed in two

steps; see, e.g., Blasberg et al. [2021] and Zhang et al. [2019]. First, we perform firm-specific quantile

regressions to derive the firm-related fixed effects αi,t. This is achieved by:

(α̃i,τ , β̃i,τ ) = argmin
a∈A,b∈Bτ

T∑
t=1

ρτ (yi,t − a− xi,tb) (21)

where A ⊆ R, Bτ ⊆ Rm and ρτ (u) = u(τ − 1{u<0}) is the quantile error function. Finally, the

regression coefficients are estimated by:

β̂τ = argmin
b∈Bτ

N∑
i=1

T∑
t=1

ρτ (yi,t − αi,τ − xi,tb) (22)

5 Empirical Investigation and Results

In this section, we describe the empirical investigation performed to test the hypothesis introduced

in the previous section. Subection 5.1 explains the calibration procedure, distinguishing between the

jump-diffusion and the diffusion model. Subections 5.2 and 5.2.1 states the empirical investigation,

discussing the two different experiments. Subection 5.3 presents the results.

5.1 Calibration Procedure

The calibration procedure, which consists in finding the optimal model parameters to fit the market

CDS term-structure, is performed on both the models we are considering. In particular, we perform

1-day calibrations over the 5-year period under study on the complete CDS term-structure, for time-

to-maturities t̂1 = 0.5, t̂2 = 1, t̂3 = 2, t̂4 = 3, t̂5 = 4, t̂6 = 7, t̂8 = 10, t̂9 = 20, t̂10 = 30 years.

The optimization function is the same for both models, but the number of calibrated parameters is

different. The simpler model, which does not contain jumps, is driven by only Vt

Vdef
and σ parameters,

meanwhile, the jump-diffusion one requires also λ and η. The formula to price a CDS under the

diffusion model is outlined in the Online Appendix. For plain notation, let Ωt be the set of calibrated

parameters at day t. We can define for the two models, where jd is jump-diffusion and d is diffusion,

the sets of parameters:

Ωjd
t :=

{
Vt

Vdef
, σ, λ, η

}
t

and Ωd
t :=

{
Vt

Vdef
, σ

}
t

(23)

Following Ballestra et al. [2020], we minimize the mean absolute percentage error (MAPE):8

MAPE
(
t,Ω

{k}
t

)
=

1

10

10∑
i=1

∣∣∣∣∣Θmarket
t (t̂i)−Θmodel

t (t̂i,Ω
{k}
t )

Θmarket
t (t̂i)

∣∣∣∣∣ . (24)

where k = {j, jd}, Θk
t (t̂i,Ω

{k}
t ) = Π

(
x, t; t̂i

)
if k = jd and Θk

t (t, t̂i) = Λ
(
x, t; t̂i

)
if k = d . The

recovery rate Υ is set to 0.6, for both models. These values has been chosen following common lines

presented in the literature; see, e.g., Jankowitsch et al. [2008].

8An alternative error measure that is commonly adopted is the root mean square error. Nevertheless, in fitting

the term structures of CDS spreads a relative error measure as the MAPE enables us to avoid over-weighting the

mispricing in fitting long-term CDS spreads (the highest ones) and under-weighting the mispricing in fitting short-term

CDS spreads (the lowest ones).
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5.2 CDS Model-Implied Panel Quantile Regression

The first panel quantile regression investigates Hp 1.a and Hp 1.b. It is performed by computing

the first-difference of the CDS spreads generated by the calibrated models, observing the relation

with a proxy of the transition risk, in order to examine whether the model is able to reproduce the

CDS market stylized facts. The quantile regression is defined as:

Q
∆CDSmodel

i,t

(τ |xi,t) = αi,τ + β1,τri,t + β2,τ∆σi,t + β3,τ∆MRIi,t + β4,τ∆TRt + ϵi,t (25)

where i = 1, ..., N indicates the firm while t = 1, ..., T the time. The regressors comprises the stock

return ri,t, the volatility variation ∆σi,t, the common factor ∆MRIi,t and the changes transition

risk ∆TRt. The fixed-effect αi,τ , which are firm specific and change with respect to the considered

quantile, are computed by (21). The dependent variable is defined as:

∆CDSmodel
i,t = CDSmodel

i,t − CDSmodel
i,t−1 (26)

where CDSmodel
i,t denotes the model-implied CDS computed at day t for the firm i.

5.2.1 Calibration Errors Panel Quantile Regression

The second panel quantile regression investigates Hp 2.a and Hp 2.b. It is performed by adopting

as dependent variable the difference between the model CDS spread and market CDS spread at day

t (see (28)). In this case, we want to gauge whether the model underestimate or overestimate market

CDS spreads, to determine if there is a significant relation between calibration errors and a proxy

of the transition risk. The quantile regression is defined as:

QEi,t
(τ |xi,t) = γi,τ + β1,τri,t + β2,τσi,t + β3,τTRt + ϵi,t (27)

where i = 1, ..., N indicates the firm while t = 1, ..., T the time. In this case, we do not consider as

regressors the variation of the control variables, instead they are defined as the value at day t. In

particular, the regressors employed are the stock return ri,t, the volatility σi,t and the proxy of the

transition risk TRt. Similarly to the previous case, the firm-specific fixed effects γi,τ are estimated

via (21). The dependent variable, computing the calibration error at day t between model and

market CDS spread, is defined as:

Ei,t = CDSmodel
i,t − CDSmarket

i,t (28)

The panel quantile regressions defined in Subsections 5.2 and 5.2.1 are both performed over the

entire CDS-term structure, with maturities t̂i ∈ {0.5, 1, 2, 3, 4, 5, 7, 10, 20, 30} years and for quantiles

τ ∈ {0.1, . . . , 0.9}. Results are presented in the Online Appendix and discussed in the next section.9

We mention that the panel quantile regressions have been tested to assess whether regressors present

multicollinearity. This is achieved by performing the Variance Inflation Factor test (VIF, henceforth),

which produces a measure of the correlation between the variables; see, e.g., James et al. [2013] and

Johnston et al. [2018]. In particular, if the outcome is greater than a given value one can choose

arbitrarily, the regression is considered affected by multicollinearty. Following standard approaches

in the literature, we set the threshold level to 5. We perform multicollinearity test for both the

estimation of fixed effects while doing firm-specific quantile regressions (21), and for the second

quantile regression (22). In the first case, considering the regressors as the first-difference of the

control variables (25), all factors presented VIF values less than 2, thus no adjustments have been

necessary. Meanwhile, in the second panel quantile regression (27), when regressors are considered

as the value of the control variable at day t, the VIF test founds strong collinearity (above 15)

between the proxy of the transition risk built by the Wasserstein distance (or derived by (17)) and

9From now on, the discussion will be related to both the experiments (25, 27); we avoided the introduction of other

subsections for the sake of readability.
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the MRI factor. For this reason, we decided not to include the MRI factor among the regressors in

the absolute-value case.

To verify if the calibration errors are statistically significant, we have performd a t-test10 on the

difference between the calibration errors of the jump-diffusion model and the calibration errors of

the diffusion model. The test has been carried out on several firms and for various CDS spread

maturities. In all cases, the null hypothesis has been verified, meaning that there is no statistically

significant difference between the models calibration errors.

5.3 Results

The results of the empirical investigation are shown in the tables in the Online Appendix. The

outcomes regarding the first hypothesis are reported in Table 1. First, we can notice a negative

relationship between model-implied ∆CDS spreads and the stock returns, as we expect according

to theoretical and empirical findings. In fact, this result is expected from structural models theory

(see, e.g., Merton [1974]), which states that as stock returns increase, the probability of default

decreases, as well as the CDS spreads. Empirical evidences supporting this fact come from Blasberg

et al. [2021], Galil et al. [2014], and Pires et al. [2015]. Second, the relationship with the volatility

variation (∆σ) varies accordingly to the quantile considered, moving from negative values at smaller

quantiles to positive values at higher quantiles. This partially contrasts the theoretical background,

which states that a positive variation in the CDS spreads should be related to an increment in the

volatility, denoting an increase in the default probability. Nevertheless, there are empirical studies

that confirm our findings, assigning negative values to volatility in downward periods and positive

values in upward periods; see Blasberg et al. [2021], Koutmos [2019]. Third, we appreciate a positive

relation with the MRI factor, indicating that the calibrated model prices are following the general

trends of the CDS market, as outlined empirically by Galil et al. [2014]. For our purposes, the

most interesting is the estimated relationship with the proxy of the transition risk. We can notice

how, regardless of the quantile or the maturity considered, the relationship is positive. Again, this

confirms that the jump-diffusion is able to properly depict the stylized facts of the CDS market.

The regressions are performed adopting the transition risk factor defined in (19) only, as no major

difference was found compared to the variation of the first indicator computed by (17). We also note

that, for all the maturities and the quantiles examined, the regressions are significant.

The analysis regarding the third indicator of the transition risk, defined by the Carbon Price (CPt),

is not proposed in the empirical investigation, since it shows a negative correlation with indicators

of transition risk defined in (17) and (19). This is reported in the Online Appendix, Tables 6 and 7.

Further analysis will be performed to assess whether the carbon price can be considered a suitable

proxy for the transition risk.

Table 2 presents the results regarding the relationship between calibration errors and the control

variables obtained by the jump-diffusion model, presented in (27). In this case, we are mainly

interested in the relation that the calibration error assumes with the transition risk. As we can see,

there is no significant relation between between the error and the transition risk. This confirms

our hypothesis, meaning that the model is able to capture the transition risk in the calibration

procedure. Overall, the insights we can glean from these two experiments provide a first confirmation

that transition risk assumes a jump-like nature and that the jump-diffusion model can properly be

calibrated even in this new market scenario.

Tables 3 and 4 provide the outcomes of the same analysis, whereby the calibrated model is

the diffusion one. In Table 3, we can notice that the model cannot properly reproduce the market

stylized facts of the CDS market: The relationship of the dependent variable (∆CDS) with the stock

returns is mostly positive, in contrast with theoretical and empirical expectations. Moreover, we find

high p-values for several regressions, meaning that they are not always significant. The estimated

relationship with the volatility is more aligned with the jump-diffusion model predictions, although

10We perform a t-test at 5% confidence level.
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we obtain negative and positive values along the CDS maturities. Regarding the transition risk,

again, the estimation is not in line with market expectations. For short and medium maturities (from

6 months to 5 years), we can observe negative relations, in contrast with market and jump-diffusion

model evidences. Furthermore, for certain quantiles, the regressions are not significant, assuming

very high p-values. Therefore, we can argue that the diffusion model is not able to reproduce the

stylized facts of the CDS market.

The investigation of the last hypothesis is described in Table 4. In contrast with expectations,

we can observe that there is no significant relationship with the transition risk, similarly to the

jump-diffusion model. This might suggest that the diffusion model is able to capture the transition

risk but, however, this result is not relevant. In fact, if we couple this result with the observations

raised by Table 3, showing that it does not depict the stylized facts of the CDS market, we can

argue that the diffusion model is not able to price transition risk.

6 Conclusions

Developing pricing models that can properly capture transition risk from the market is becoming a

relevant issue in quantitative finance. As climate change worsens, regulators’ efforts to reduce GHG

emissions and mitigate environmental damages can have severe consequences on the economies,

forcing companies to adjust their business models and threatening the stability of the financial

system. Hence, the financial sector must be equipped with state-of-the-art pricing models that can

adequately manage climate risk factors and classic financial risks (market, credit, liquidity ), by which

it will be possible to examine the impact of transition risk on a company’s creditworthiness, gauging

the effect of green policies on the financial stability of the firm.

In this study, we aim to assess whether a structural credit-risk jump-diffusion model is able to

capture transition risk as priced in the market, where the firm dynamic is affected by downward

jumps, describing the impact on green policies on the firm valuation. This is achieved by performing

daily calibrations of the model to the market CDS term-structure of 84 European firms, from January

03, 2017 to December 31, 2021, and assessing the relationships between implied prices and a proxy

of the transition risk, obtained via panel quantile regression. The same analysis is performed on

a diffusion model, to compare the model capabilities. Results are remarkable: The jump-diffusion

model does not only outperform the diffusion model in a proper depiction of the market stylized facts

of the CDS market, but also it shows no significant relationships between calibration errors and the

proxy of transition risk, confirming the jump-like nature of the transition risk. As future research,

relevant topics regard the implementation of more complex models that accommodate additional

climate and macroeconomic risk factors. Currently, we are working on the same structural credit-

risk model where the interest rate is stochastic, in order to further enhance the model’s capabilities

to calibrate the market CDS term-structure.
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