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Abstract

While environmental, social, and governance (ESG) trading activity has been a distinctive feature of financial

markets, the debate if ESG scores can also convey information regarding a company’s riskiness remains open.

Regulatory authorities, such as the European Banking Authority (EBA), have acknowledged that ESG factors can

contribute to risk. Therefore, it is important to model such risks and quantify what part of a company’s riskiness

can be attributed to the ESG scores. This paper aims to question whether ESG scores can be used to provide infor-

mation on (tail) riskiness. By analyzing the (tail) dependence structure of companies with a range of ESG scores,

that is within an ESG rating class, using high-dimensional vine copula modelling, we are able to show that risk can

also depend on and be directly associated with a specific ESG rating class. Empirical findings on real-world data

show positive not negligible ESG risks determined by ESG scores, especially during the 2008 crisis.
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1. Introduction

After the 2007-2009 financial crisis, many models which used to capture the dependence between a large num-

ber of financial assets were revealed as being inadequate during crisis. Moreover, research has shown that the

dependence structure of global financial markets has grown in importance in areas of optimal asset allocation,

multivariate asset pricing, and portfolio tail risk measures (Xu & Li, 2009). Consequently, the enormous losses and

the increased volatility in the global financial market elicited calls for an even more diligent risk management.

Over the past decade, the interest in socially responsible investments has grown exponentially (Auer & Schuh-

macher, 2016). The availability of non-financial data, including corporate social responsibility (CSR) or environ-

mental, social, and governance (ESG) data, has skyrocketed and gained interest from investors for various reasons.

According to Li & Polychronopoulos (2020), in 2019, 70 different firms were identified as providers of some sort

of ESG rating. While some studies are pointing out ambiguity and divergence between these different ratings (see
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Berg et al. (2019, 2021); Billio et al. (2021); Gibson et al. (2020); Serafeim & Yoon (in press), the overall idea of ESG

scores is to indicate a level of ESG performances. These scores are based on several criteria and measurements

and are given by a rating institution (Bhattacharya & Sharma, 2019). The rating institutions use quantitative and

qualitative methods to assign an ESG score to a company (Berg & Lange, 2020). In brief, companies are awarded

large scores for ESG responsible behavior but are awarded low scores for ESG irresponsible behavior. Typically

a company is associated with a rating class (i.e., A,B ,C , or D) based on its ESG score value using thresholds or

quartiles. Then, companies with the same ESG score or ESG scores within the same threshold or quartile are allo-

cated in the same ESG rating class. Acting as complementary non-financial information, ESG scores can have the

potential to increase the accuracy in performance forecasts and risk assessments (Achim & Borlea, 2015).

In 2018, the European Commission published its Action Plan on Financing Sustainable Growth which provided

the European Union (EU) with a roadmap on sustainable finance and for future work across financial systems (Eu-

ropean Banking Authority, 2018). Furthermore, the increase in demand in socially responsible investments stems

from investors and asset managers pressured by stakeholders to push companies to behave responsibly and im-

prove their ESG strategy (Henriksson et al., 2019). The biennial 2018 Global Sustainable Investment Review states

that over $30 trillion had been invested with explicit ESG goals (Global Sustainable Investment Alliance (GSIA),

2018). According to a 2018 global survey, more than 50% of the international asset owners are currently consider-

ing or already implementing ESG scores in their investment strategy (Consolandi et al., 2020). Moreover, Eccles &

Klimenko (2019) state that this interest in ESG assets is driven by the growing evidence of the positive impact of

ESG materiality on financial performance. Also, the European Banking Authority (EBA) stressed the importance

of including ESG information into the regulatory and supervisory framework of EU credit institutions (European

Banking Authority, 2018). Furthermore, there is a need to improve the measurement and modelling of the im-

pacts of climate change on financial stability in order to underpin a policy debate as highlighted by the European

Central Bank (2021). Nevertheless, using ESG factors has made the investment process noticeable more complex

(Berg & Lange, 2020). While more than 2000 empirical studies have been done analysing ESG factors and financial

performance, little is known about the dependence structure and associated risks (Friede, 2019; Shafer & Szado,

2018; Lööf et al., 2021). This is especially important as ESG scores are often linked to investment risk. The EBA

defines ESG risks as “the risks of any negative financial impact to the institution stemming, from the current or

prospective impacts of ESG factors on its counterparties" (European Banking Authority, 2020, p. 28). While regula-

tors finally acknowledge the role of ESG factors in determining part of a company’s risk, no guidelines are provided

in how to best capture and quantify such risk. Then, ESG scores should possibly deliver some information on a

company’s ESG risk and its riskiness as a whole. This also means that companies that have the same ESG rating,
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as explained above, should share similar risk characteristics and properties. Understanding these components is

especially important in times of increased volatility as considering the (tail) dependence structure among simi-

larly rated assets is essential in order to set in place effective risk management and diversification strategies (Ane

& Kharoubi, 2003; Frahm et al., 2005; Malevergne et al., 2005; Berg & Lange, 2020).

The contribution of this research is manifold. We propose a R-vine copula ESG risk model to capture the de-

pendence using vine copulas (Bedford & Cooke, 2001, 2002; Aas et al., 2009; Joe, 2014; Czado, 2019; Czado & Nagler,

2022) and to identify the systematic and the idiosyncratic risk component considering specific ESG classes of each

asset. Inspiration for this model arise from Brechmann & Czado (2013) who considered sectorial dependencies.

This allows us to show, to our knowledge for the first time, that risk can also be linked to an ESG rating classes.

Furthermore, it contributes to the understanding of the (tail) dependence structure of various assets belonging to

the same ESG rating class and introduces different risk measures that try to capture specific ESG risk and the mar-

ket risk conditionally on ESG classes. By quantifying the overall and lower tail ESG risk among assets that belong

to the same ESG class, we show that these dependencies exist, can be quantified, and are not negligible, especially

in times of crisis.

The paper is structured as follows; Section 2 summarizes the literature and creates an understanding of ESG

scores and the occurrence of (tail) risk and dependence structures while Section 3 describes the S&P 500 data used

and includes a preliminary risk analysis. Section 4 introduces dependence modelling and vine copulas and then

proposes the R-vine copula ESG risk model. Section 5 reports the empirical results. Lastly, Section 6 concludes

and provides an outlook for future research.

2. ESG Scores, Dependence, and Risk

While ESG scores solely try to capture the amount of positive ESG disclosure of a company, the large influx

into ESG investments have brought attention to the risk and return from such investments. It has been shown

that ESG factors may impact financial performance by substantiating themselves in “financial or non-financial

prudential risks, such as credit, market, operational, liquidity and funding risks" (European Banking Authority,

2020, p. 27). According to the EBA, ESG risks are defined to materialize when ESG factors have a negative impact

on the financial performance or solvency (European Banking Authority, 2020). Furthermore, it is argued that the

materiality of ESG risks depends on the risks posed by ESG factors over different time frames (European Banking

Authority, 2020). If this is accurate, the ESG scores and ratings should contain information about the company’s

risk. Even though ESG has mostly been defined in terms of risk by the regulator, and there is an ongoing debate on

the effects of using ESG scores on the financial performance research, there is no consensus on the (tail) depen-
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dence structure of assets within and between each ESG rating class. Understanding the (tail) dependence and risk

structure of several assets, however, is necessary to access inherent risks in the financial market.

Generally, market returns are assumed to follow a multivariate normal distribution; however, research has

shown that this is found to be not accurate in reality, and left tails are often heavier than right tails (Cont, 2001;

Jondeau & Rockinger, 2003). Therefore, modelling the possibly non-Gaussian dependence among assets and un-

derstanding the appearance of joint (tail) risk is especially important for asset pricing and risk management. Tail

risk or tail dependence is characterized as the probability of an extremely large negative (positive) return of an

asset given that the other asset yields an extremely large negative (positive) return and is commonly quantified

by the so-called tail-dependence coefficient (Embrechts et al., 2001; Frahm et al., 2005; Xu & Li, 2009). Tail risk

arises when the likelihood of an extreme event that is more than three standard deviations away from the mean

is more likely to occur than shown by a normal distribution (Kelly & Jiang, 2014). Generally, it is accepted that tail

dependence can be used as a proxy of systemic risk, and tail risk has been linked to negative consequences for

corporate investment and risk-taking (Gormley & Matsa, 2011; Gormley et al., 2013; Shirvani & Volchenkov, 2019).

Some researchers argue that responsible ESG practices might mitigate the market’s perception of a company’s

tail risk and, therefore, reduce ex-ante expectations of a left-tail event (Shafer & Szado, 2018). In brief, they state

that considering responsible business practices when creating an equity portfolio can act as insurance against

left-tail risk (defined as stock price tail risk using the slope of implied volatility) and, with that, protect company

value. This is also in line with De & Clayman (2015) as well as Wamba et al. (2020) who add that especially posi-

tive environmental performance can act as insurance for companies, reducing the probability of an adverse event

occurring and with that reducing the company’s systematic risk. Ashwin Kumar et al. (2016) add that positive

ESG practices can make a company "less vulnerable to reputation, political and regulatory risk and thus leading

to lower volatility of cash flows and profitability" (p. 292). Furthermore, positive ESG performance may gener-

ate more loyalty from customers and employees and, through that, protect companies from unforeseen harmful

events, resulting in reduced tail risk (Shafer & Szado, 2018). Besides, better ESG performance allows companies to

experience adverse events less often and lose less value if they do occur (Minor, 2011). On the other hand, Zhang

et al. (2021) extend the work by Shafer & Szado (2018) by considering implied skewness and find a higher negative

tail risk for higher ESG rated companies.

Others recognize that improving ESG performance can also help with risk control and exposure (Giese et al.,

2019). Maiti (2020) finds that overall portfolios developed using the overall ESG as well as the individual E (Envi-

ronment), S (Social), and G (Governance) factors generally show better investment performance, implying policy

modifications. In contrast, Breedt et al. (2019) show that ESG-tilted portfolios do not necessarily have higher risk-
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adjusted returns. These findings are in line with Lööf et al. (2021) who argue, focusing on the Covid-19 crisis, that

higher ESG scores are associated with less downside tail risk but also lower upside potential on returns. Moreover,

Sherwood & Pollard (2017) find that integrating ESG information into the emerging market equity investment

of institutional investors can create higher returns and lower downside risks compared to non-ESG equity invest-

ments. Other scholars have observed a mitigating effect of ESG performance on stock price crash risk if a company

has less effective governance (Kim et al., 2014). Hoepner et al. (2016) found supporting evidence on one single in-

stitutional investor that ESG engagements can be associated with subsequent reductions in downside risk.

Looking at a country’s creditworthiness, Capelle-Blancard et al. (2019) show that countries with above-average

ESG scores are linked to reduced default risk, and smaller sovereign bond yield spreads. Additionally, Breuer et al.

(2018) state that the cost of equity is reduced when a company invests in CSR, given that it is located in a coun-

try with high investor protection. Moreover, Li et al. (2017) find that companies in regions of high social trust

tend to have lower tail risk. A possible reason why environmental practices have the power to control tail risk

could be that a company’s good social records will be more valuable in the long run due to a lower frequency

of litigation (Goldreyer & Diltz, 1999). Additionally, higher environmental standards are valuable to shareholders

due to companies avoiding litigation costs, reputation losses, and environmental hazards (Chan & Walter, 2014).

Furthermore, ESG can drive an asymmetric return pattern in which socially responsible investment (SRI) funds

(using positive rather than negative screenings) outperform conventional funds in times of crisis but underper-

form in calm periods (Nofsinger & Varma, 2014). Moreover, Bae et al. (2019) find that CSR reduces the costs of high

leverage and decreases losses in market share when firms are highly leveraged.

Despite these extensive efforts, the effect of ESG scores on (tail) dependence and (tail) risks has not yet been

clearly understood, and literature studying the impact of ESG behaviors on tail risk is still very limited (Zhang et al.,

2021). While some question whether an ESG-related risk factor that can help to identify superior investments even

exists (Cornell, 2021), others provide evidence that ESG ratings are subject to a non-diversifiable risk component

as the development depends on the overall market (Dorfleitner et al., 2016). Therefore, in order to estimate ESG

risk, a closer look the assets within the ESG class and possibly the complete market has to be taken. Investors have

been aware of the need to use more sophisticated models to assess the dependence behavior of assets since the

financial crisis, however, such models, which allow investors to quantify (tail) dependence and (tail) risk among

ESG-based classes of assets, have yet to be introduced. In this paper, we apply vine copulas to model the complex

dependence structure and compute different risk measures, including ESG risk, market risk conditionally on ESG

class, and an idiosyncratic risk component, which allow to explicitly capture (tail) dependence and possibly aid

the investor in their decision-making process.
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3. The Data

We consider daily logarithmic return and yearly environmental, social, and governance (ESG) data of 334 US

companies j , constituents of the S&P 500 index, for which the yearly ESG scores (ESGy, j ) from Refinitiv 1, which

are ranked based and have values between 0 and 100, are available in the period from 3 January 2006 to 31 De-

cember 2018. Refinitiv (2021) allows to attribute the assets into four different rating classes based on their ESG

score. Assets are given a D grade for an ESG score lower than 25, C for an ESG score between 25 and lower than

50, B for an ESG score between 50 and lower than 75, and finally A for an ESG score between 75 and 100. The

time period is chosen in order to have the largest possible time period for the largest number of assets to get a

comprehensive analysis of assets belonging to the S&P 500. The overall time frame is split into three different time

periods q : q1 = 2006−2010, q2 = 2011−2015, and q3 = 2016−2018. The first two intervals are made of five years

of data each, where the first interval includes the 2008 financial crisis. The last interval consists of three years of

data, and their ESG scores are to be considered not definitive according to Refinitiv as they were not yet five years

old when downloading the data (in November 2020). This means that the ESG scores can be modified from the

provider post-publication. It is, however, not an option for investors to wait until scores are definitive as invest-

ment decisions are made daily using all the data available at the time. In order to compute the weighted ESG class

indices, which we later need in our R-vine copula ESG risk model, the S&P 500 market capitalization weights (M j )

from 1 January 2015, as well as the information on the economic sector S for each asset j are downloaded from

Refinitiv (2021).

95% VaR

To get a preliminary understanding if ESG scores can provide additional information on a company’s riskiness,

the empirical 95% Value at Risk (VaR), computed as the empirical quantile of the asset return distribution based

on daily data for each asset j in the period q grouped according to their mean ESG scores across all sectors S

is presented in Figure 1. The assets are attributed to the four different ESG classes A, B, C, and D following the

thresholds (25, 50, 75) given by Refinitiv (2021) as explained above. Notice VaR values are smaller and exhibit

larger variability during the time period 2006-2010, due to the 2008 financial crisis, while estimates become larger

and, therefore, less extreme in the other time periods. It is also quite evident, especially for the time periods 2006-

2010 and 2011-2015, that ESG scores seem to be capable of providing information on the tail risk of an asset, as

1The ESG scores considered are the ones available from Refinitiv, the financial and risk business unit of Thomas Reuters. Refinitiv offers a
comprehensive ESG database across more than 500 different ESG metrics (Refinitiv, 2021). These percentile-ranked ESG scores are designed to
measure the company’s relative ESG performance, commitment, and effectiveness across ten main topics, including emissions,resource use,
and human rights, all of which are based on publicly reported data (Refinitiv, 2021).
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better-rated companies tend to have less negative median VaR values. This does not happen for 2016-2018, where

ESG scores are yet not definitive and might possibly be adapted in the future. Nevertheless, differences tend to

diminish in the last two periods for classes A, B, and C as also companies tend to improve their ESG scores, as

shown in Figure 2. Still, ESG class D, which typically contain companies that have not yet fully disclosed ESG

information and are also lower-rated than other companies, exhibit the worst VaR levels also for the time interval

2016-2018. This is in line with the findings of Sahin et al. (2021) who show that there is no clear relationship with

risk measures in the most recent ESG scores.
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Figure 1: Empirical 95% Value at Risk classified by ESG class using Re-

finitiv thresholds and time period q .

2006

2007

2008

2009

2010

2011

2012

2013

2014

2015

2016

2017

2018

0 25 50 75

ESG Scores

Ye
ar

ESG Score Distribution Over Time

Figure 2: Development of ESG scores over the years.

Summing up, empirical data suggest that ESG scores can provide information on tail riskiness of companies

and allow to group assets that might share similar tail-risk characteristics, at least in the first two time periods.

Plots for 99% VaR and 95% and 99% Expected Shortfall show similar behaviour and are available upon request.

4. R-Vine Copula ESG Risk Model and Methodology

In general, a distributions rarely follows the strict spherical and elliptical assumptions as implied by correlation

(Embrechts et al., 2002). Therefore, according to Embrechts et al. (2002), this traditional dependence measure is

often not suited to create a proper understanding of the dependence in financial markets or fully comprehend the

risk in extreme events. While Pearson correlation has been used as a measure of pairwise dependence, modern

risk management requires a thorough stochastic understanding beyond linear correlation. As ESG risk is possible

non-diversifiable (see Dorfleitner et al. (2016)), and the European Banking Authority (2020) argues that ESG risk is
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supposed to manifest also in market risk, it takes a more complex risk measure to estimate its magnitude. This is

where copula modeling steps in.

A copula C is a cumulative distribution function (cdf) with univariate uniform marginal distributions on the

unit interval. The copula approach is especially popular due to Sklar’s theorem (1959), which allows to model the

marginal distribution and the dependence separately. Therefore, if F is a continuous d-dimensional distribution

function of X = (X1, . . . , Xd )> with univariate cdf Fp (xp ) of a continuous random variable Xp for p = 1, . . . ,d with

its realizations xp , the joint distribution function F can be written as

F (x1, . . . , xd ) =C
(
F1(x1), . . . ,Fd (xd )

)
. (1)

The corresponding density is

f (x1, . . . , xd ) = c
(
F1(x1), . . . ,Fd (xd )

)
·

d∏
p=1

fp (xp ), (2)

where c is the d-dimensional copula density of the random vector F = (
F1(X1), . . . ,Fd (XD )

)> ∈ [0,1]d and fp (xp ) is

the associated univariate marginal density of Fp (xp ) for p = 1, . . . ,d .

Different copula types with their reflections and rotations can accommodate flexible dependence patterns in

the bivariate case (d = 2), as shown in the Appendix in Table C.5. Nevertheless, the existing parametric families

of multivariate copulas are not as flexible as the bivariate copula families to represent complex dependence pat-

terns. For instance, the multivariate Gaussian copula does not accommodate any tail dependence and has been

strongly criticized after the 2008 financial crisis (Li, 2000; Salmon, 2012; Puccetti & Scherer, 2018; Czado, 2019). The

multivariate Student’s t copula allows for tail dependence but does not capture any asymmetry in the tails. Fur-

thermore, multivariate exchangeable Archimedean copulas become inflexible as the dimension increases since

they model the dependence between a large number of pairs of variables using not more than two parameters. If

no dependence is found, and the random variables are independent, the independence copula best models their

behavior.

In order to improve the copula method with regard to larger dimensions and to accommodate a great variety

of dependence structures, vine copulas (so-called pair copula constructions) use conditioning and were made

operational for data analysis by Aas et al. (2009). They are a class of copulas, which are based on the conditioning

ideas first proposed by Joe (1996) and further developed by Bedford & Cooke (2001, 2002). The approach allows to

construct any d-dimensional copula and its density by d ·(d−1)
2 bivariate copulas and their densities. Furthermore,

the expression can be represented by an undirected graphical structure involving a set of linked trees, i.e., a regular
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(R-)vine structure (Bedford & Cooke, 2001). An example is given in Figure 3 and more details on R-vines and vine

trees are given by Kurowicka & Cooke (2006); Kurowicka & Joe (2011); Joe (2014); and Czado (2019).

In previous works, copulas and vines copulas have had various financial applications. Some examples include

but are not limited to: Bhatti & Nguyen (2012) who applied time-varying copulas to capture the tail dependence

between selected international stock and Nguyen & Bhatti (2012) who used non-parametric and parametric cop-

ulas to capture the dependence between oil prices and stock markets. Furthermore, Naifar (2012) modeled the

dependence structure between risk premium, equity return, and volatility in the presence of jump-risk, and Brech-

mann & Czado (2013) analysed the sectorial dependence of Euro Stoxx 50. Morover, Fenech et al. (2015) discussed

loan default correlation using an Archimedean copula approach, and Pourkhanali et al. (2016) used vine copulas

to estimate systemic risk by looking at the connection of financial institutions. Recently, Fink et al. (2017) and

BenSaïda (2018) introduced the regime-switching vine copula approach, and Abakah et al. (2021) re-examined

international bond market dependence.

R-Vine Copula ESG Risk Model

In this research, we apply a R-vine copula model to estimate different dependence structures among as-

sets given their ESG classes in order to compute different risk measures. To be able to capture the ESG risk

and market risk conditionally on the ESG class of an asset j , the proposed first five vine tree structures are

defined as shown in Figure 3. In the first vine tree T1 in Figure 3, we connect the assets j (abbreviated by

a1, · · · , a87,b1, · · · ,b85,c1, · · · ,c84,d1, · · · ,d78) to their belonging ESG class index (I q
t ,k abbreviated by k ∈ {A,B ,C ,D})

and market index (M q
t abbreviated by M) in period q . This allows us to compute the dependence of an asset j with

its ESG class, later we use this to compute its ESG risk in Equation (3). In T2, in Figure 3, we connect the nodes

so that they allow us to compute the market risk conditionally on the ESG class (see Equation (4)) following the

sequential ESG class order. We then continue to fix T3 to T5 to be able to compute our risk measures as a fraction

of all dependence, positive and negative, an asset has with all ESG classes k. In T3 in Figure 3 we choose to connect

the nodes so that we separate the best and lowest ESG performance from the middle ESG performance, classes B

and C . By defining T4 and T5 further, we guarantee that in our risk measures in Section 4, only dependencies with

the different ESG class indices I q
t ,k are included, which is not yet modelled in T1, T2, and T3. This ensures that the

ESG risk is not an individual measure and takes into account complex market movements and dependencies with

other ESG classes k.
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S& P 500 (M)ESG Class Index A (A) ESG Class Index C (C )

ESG Class Index B (B)

ESG Class Index D (D)

a87

a2

a1

· · · ·
· ·

b85

b2

b1

T1

· · · · · ·

c84

c2

c1

· · · · · ·

d78

d2

d1

· · · · · ·

B ,MA,M C ,M D ,M

a87, A

a2,A

a1, A

· · ·

b85, B

b2,B

b1, B

· · ·

c84, C

c2,C

c1, C

T2

· · ·
d78, D

d2, D

d1, D

· · ·

B,C ; MA,B ;M C,D;M

a1, M;A

a87, M;A

···
···

b1, M;Bb85, M;B · · · · · ·

T3

c1, M;Cc84, M;C
d78, M;D· · · · · ·

d1, M;D

d78, M;D

···
···

D,B ;M,CA,C ; M, B

a1,B;A,M

a87,B;A,M
· · ·

b1,C;B,M

b85,C;B,M· · ·

T4

c1,B;C,M

c84B;C,M · · ·

d1,C;D,M

d78,C;D,M · · ·

A,D ; M, B,C

a1,C;A,M,B

a87,C;A,M,B

···
···

b1,A;B,M,C

d1,B;D,M,C

T5

· · ·

· · ·

c1, D;C,M,B

c84D;C,M,B

···
···

b85,A;B,M,C

d78,B;D,M,C

Figure 3: The first five vine trees of the regular vine used.

Inputs for the R-Vine Copula ESG Risk Model

In order to be able to fit the R-vine copula ESG risk model with the five specified vine trees, the inputs have

to be computed. We start by computing the mean ESG score (ESG
q
j ) for each asset j for each time period q .

We then divide the assets into their ten different economic sectors and rank them according to their ESG
q
j . This

allows us to group the assets within each sector into four different quartiles according to their ESG performance.

Within each sector, we categorize assets with the highest scores in the first quartile as ESG class A, assets with the

second to highest scores in the second quartile as ESG class B , assets with the second to lowest scores in the third
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quartile, as ESG class C , and finally, assets with the lowest scores in the fourth quartile, as ESG class D (for details

see Appendix A.2 and Appendix A.3).

We define the ESG class quartiles as k ∈ (A,B ,C ,D). We choose to rank the assets within their economic sector

instead of overall as it has been shown by Ashwin Kumar et al. (2016) that ESG scores affect various sectors to a

different degree. Furthermore, we know that ESG scores values are weighted differently within economic sectors

(Refinitiv, 2021). Therefore, categorizing the assets within their sector allows us to take into account these dif-

ferences. More importantly, it also allows us to later compute the ESG risk measures that are comparable across

sectors. As it has been shown that that investors cannot eliminate ESG risk fully through diversification (see Dor-

fleitner et al. (2016)), it is not sufficient to compute the risk on an individual level without taking a look at the

surrounding assets. We choose to use quartiles instead of Reuters’s thresholds to avoid low numerosity in some

classes. We now combine all assets according to their ESG class quartile k. This means that each ESG rating class

k includes assets from all ten different sectors. Overall, ESG class A includes 87 assets, ESG class B includes 85

assets, ESG class C includes 84 assets, and finally ESG Class D includes 78 assets.

Next, we compute the ESG class indices per ESG class k (I q
t ,k , i.e. the ESG class index A in period q on trading

day t is I q
t ,A) by linearly combining asset returns (Y q

t , j ,k defined as the return of an asset j in period q on trading day

t belonging to ESG class k) in the same mean ESG class (K S,q
j ) using the market capitalization weights. As shown

in Figure 3 we use only the variable names such as M (Market), A (ESG class index), a1 (asset) etc. to denote the

nodes. The associated daily data is given by I q
M ,t , I q

t ,A , Y q
t ,1,A and a full table of notation can be found in Appendix

A.1.

Then, we use the two step inference for margins approach, proposed by Joe & Xu (1996), to compute our

pseudo-copula data which serves as the input for our R-vine copula ESG risk model (for details see Appendix B)

and allows us to estimate the copula parameters of the chosen bivariate copula family (for details see Appendix

C).

Additionally, when fitting the R-vine copula ESG risk model, we can specify different bivariate copula fami-

lies for the pairs of variables. In the first specification, we allow only for the bivariate itau copulas, for which the

estimation by Kendall’s τ inversion is available (Student’s t, Frank, Gaussian, Clayton, Joe, Gumbel, and Indepen-

dence copula). Using these, we also allow for asymmetry in the upper and lower tails, as shown in Table C.5 in the

Appendix. These copula families have a one-to-one relationship between their copula parameter and Kendall’s τ.

In the second specification, we include additional copula families with two parameters such as BB1 (a combina-

tion between both extreme cases of Clayton copula and Gumbel copula), BB7 (a combination of Joe copula and

Clayton copula), and the extreme-value copula BB8 (extended Joe) in order to see if this improves our model fit.
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Lastly, we fit a specification using only Gaussian copulas to see the change in model fit if we do not account for

the dependence in the extremes. To choose our optimal bivariate copula family specification, we use the modified

Bayesian Information Criteria (mBIC) instead of the widely used Bayesian Information Criteria (BIC) by (Schwarz,

1978). The mBIC has been proposed by Nagler et al. (2019) and is tailored to sparse vine copula models in high-

dimensions. These scholars show that the mBIC can consistently distinguish between the true and alternative

models. We then continue our analysis using the best fitting model only.

R-Vine Risk Measures

After computing the inputs for the R-vine copula ESG risk model, estimating the pseudo-copula data, and

fitting it to our model with the specified five vine trees, we can compute three different risk measures using the

overall dependence (τ) and lower (tail) dependence (λ). We introduce an overall ESG risk RESG
j

q
k

(τ) and lower tail

ESG risk RESG
j

q
k

(λ), which we can compute for each asset j with its ESG class k in period q . It accounts for the ESG

risk of an asset j belonging to a specific ESG class k and gives the fraction of all dependence, positive and negative,

explained by the assets ESG class. Additionally, we estimate the market risk conditionally on the ESG class for each

asset j as RM ar ket
j

q
k

(τ) and RM ar ket
j

q
k

(λ) with all the (tail) dependence on the ESG class being removed. Lastly, by

subtracting both indicators from 1, we can get the overall idiosyncratic risk R i di o
j

q
k

(τ) and lower tail idiosyncratic

risk as R i di o
j

q
k

(λ) for each asset j within each time period q . See Brechmann & Czado (2013) for sectorial estimation.

We choose the empirical Kendall’s τ and its estimate τ̂, whose values range from [−1,1] (Joe, 2014), as our

dependence measure for the overall risk measures2 : RESG
j

q
k

(τ), RM ar ket
j

q
k

(τ), and R i di o
j

q
k

(τ). To exclude unrealistic

assumptions, we assume that asset j is not independent of all other assets and include all Kendall’s τ only in

absolute value. Similarly, we can also define these risk measures using the lower tail dependence coefficient3 as

: RESG
j

q
k

(λ), RM ar ket
j

q
k

(λ), and R i di o
j

q
k

(λ). By using the lower tail dependence coefficient as the input value, these risk

measures quantify the strength of the dependence within the lower-left-quadrant tail of an assets return and its

associated ESG class index in relation to all other assets within the fitted R-vine copula ESG risk model. The values

for the risk measures are in the interval [0, 1]. As the equations are identical apart from dependence measure τ or

2Kendall’s τ is a ranked based dependence measure robust to outliers that fits the aim of our analysis and can be defined in terms of copulas
for two continuous random variables (X1, X2) with copula C as τ= 4

∫
[0,1]2

C (u1,u2)dC (u1,u2)−1. An alternative overall weight measure could

be Spearman’s ρ.
3When Student’s t and Clayton (and BB1 and BB7) copulas are chosen as best fit among the bivariate copula families given in Table C.5,

we can use this information to also estimate the lower tail dependence coefficient λ which ranges from [0,1] and is defined for a bivariate

distribution with copula C as λl ower = limx→0+ P (X2 ≤ F−1
2 (t ) | X1 ≤ F−1

1 (t )) = limx→0+
C (t , t )

t
. The lower tail dependence coefficient is also

non-zero when the fitted bivariate copula class is Student’s t, Clayton, 180° Joe, 180° Gumbel, BB1, BB7, or 180° BB8 in our model. For other
bivariate copula families, we have zero lower tail dependence coefficient. Other methods could include estimating a specific distribution or a
family of distributions; or working with a non-parametric model. We refer to Frahm et al. (2005) for further reading on estimation methods.
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λ, only the overall risk measures are presented below. For simplification, we drop the sector index S in the notation

of the risk measures for each asset j .

Overall ESG Risk

For each asset of ESG Class A in period q , i.e. j q
A ∈ { j |K S,q

j = A for q = 1,2,3 and S = 1, · · · ,10} and q = 1,2,3:

RESG
j

q
A

(τ) =
|τ̂ j

q
A ,I

q
A
|

|τ̂ j
q
A ,I

q
A
|+ |τ̂ j

q
A ,I

q
M |I q

A
|+ |τ̂ j

q
A ,I

q
B |I

q
A ,I

q
M
|+ |τ̂ j

q
A ,I

q
C |I q

A ,I
q
M ,I

q
B
|+ |τ̂ j

q
A ,I

q
D |I q

A ,I
q
M ,I

q
B ,I

q
C
| . (3)

RESG
j

q
B

(τ), RESG
j

q
C

(τ), and RESG
j

q
D

(τ) can be derived similarly.

Overall Market Risk conditionally on ESG Class

For each asset of ESG Class A in period q , i.e. j q
A ∈ { j |K S,q

j = A for q = 1,2,3 and S = 1, · · · ,10} and q = 1,2,3:

RM ar ket
j

q
A

(τ) =
|τ̂ j

q
A ,I

q
M |I q

A
|

|τ̂ j
q
A ,I

q
A
|+ |τ̂ j

q
A ,I

q
M |I q

A
|+ |τ̂ j

q
A ,I

q
B |I

q
A ,I

q
M
|+ |τ̂ j

q
A ,I

q
C |I q

A ,I
q
M ,I

q
B
|+ |τ̂ j

q
A ,I

q
D |I q

A ,I
q
M ,I

q
B ,I

q
C
| . (4)

RM ar ket
j

q
B

(τ), RM ar ket
j

q
C

(τ), and RM ar ket
j

q
D

(τ) can be derived similarly.

Overall Idiosyncratic Risk

For each asset of ESG Class A in period q , i.e. j q
A ∈ { j |K S,q

j = A for q = 1,2,3 and S = 1, · · · ,10} and q = 1,2,3:

R i di o
j

q
A

(τ) = 1−RESG
j

q
A

(τ)−RM ar ket
j

q
A

(τ). (5)

R i di o
j

q
B

(τ),R i di o
j

q
C

(τ) and R i di o
j

q
D

(τ) can be derived similarly.

Summing up, fitting the R-vine copula ESG risk model enables us to capture complex dependence structures

as it allows us to account for asymmetric and tail dependence. Moreover, to get a more comprehensive under-

standing of the overall share of dependence an asset has with other assets within the same ESG class given all

other assets, these (tail) risk measures are standardized as ratios instead of single dependence measures of an

asset j with its ESG class index alone. This helps to understand if there are common behaviors - especially for

tail dependence. Common dependencies could indicate that a time series (e.g., returns) exhibit co-movements

and, therefore, could share some risk properties. As many investors tilt their portfolio towards comparable large

ESG score, using an inclusion or exclusion approach, understanding the dependence between similarly ESG rated

assets is necessary in order to be able to capture co-movements and promote diversification.
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5. Empirical Results

After fitting the R-vine copula ESG risk model for three copula family specifications (itau, parametric, Gaus-

sian), we find that according to the mBIC, the R-vine copula ESG risk model with the itau copula family specifica-

tion best fits our model and allows to most optimally estimate the dependencies between the assets for all three

time periods q . We also notice that the Gaussian R-vine copula ESG risk model always performs worst. Also, when

looking at which of the copula families are fitted most often within each specification, we find that not very often

the Gaussian copula is chosen for the itau and parametric R-vine copula ESG risk model. This is especially true for

the first vine tree T1 which models the dependence of an asset with its ESG class. As the Gaussian copula does not

capture any tail dependence, and often the Student’s t copula is chosen, these results indicate that the assets defi-

nitely share some tail dependence. Thus, the Gaussian R-vine copula ESG risk model does not fully comprehend

the risk in extreme events. In our analysis, we therefore use the itau R-vine copula ESG risk model to estimate our

risk measures. For more details, the information criteria for all three models in each time period q are given in the

Appendix D.1 and the specific number of copula families fitted in the first vine tree T1 are given in Appendix D.2,

while all other vine trees are available upon author request.

In Figure 4 and Table 1 focusing on overall ESG risk we find that assets that belong to ESG class D perform the

worst, as they experience the highest overall ESG risk in calm periods (2011-2015, 2016-2018). This is in line with

the literature, as Shafer & Szado (2018) argue that strong ESG practices can act as insurance against left-tail events

as well as others who find that superior ESG performance reduces volatility (Albuquerque et al., 2020; Bouslah

et al., 2018). In contrast to other scholars who found that ESG performance mitigates financial risk during crisis

using Chinese companies and the Covid-19 crisis Broadstock et al. (2021), we find that in times of the financial

crisis 2006-2010, especially assets belonging to a B ESG class tend to have the lowest overall ESG risk. Assets be-

longing to ESG class A show unexpected worse overall ESG risk, possibly because of a high investment volume

and popularity from investors who wrongly believe that ESG performance can make them resilient in times of

crisis. These findings are in line with Demers et al. (2021) who argue that ESG scores did not immunize stocks

during the COVID-19 crisis and did, therefore, not protect the investors from unexpected losses. Furthermore,

Flori et al. (2021), who look at bipartite network representation of the relationships between mutual funds and

portfolio holdings, find that the popularity of assets does not necessarily yield a beneficial outcome. This shows

that portfolios which invest in less popular assets generally outperform those investing in more popular ones.

Especially in the most recent time period, we find a larger variability of overall ESG risk belonging to the differ-

ent classes. All standard deviation values can be found in Appendix E.1. Companies that are not best or worst

performers, i.e. assets in ESG classes B and C , show the lowest overall ESG risk. Again, this could be due to the
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non-popularity of assets with mediocre ESG performance, as many investment strategies focus on inclusion or

exclusion approaches. We also have to keep in mind that the ESG scores are not yet definitive; therefore, they

could still be changed and adapted to change the ESG risk behaviour.

When looking at the overall market risk conditionally on the ESG class, we find it to be relatively low for all

assets. The difference among ESG classes also diminishes in times of calm and in the most recent period. Nev-

ertheless, in times of crisis, 2006-2010, assets in the ESG class A seem to carry the least market risk, which is in

line with the literature as ESG practices have been connected to better governance and possible reduction in risk

exposure.

Finally, the overall idiosyncratic component of the assets varies again throughout the time periods. In times

of crisis, companies with good ESG performance show lower overall idiosyncratic risks, while companies with a

lower ESG score show worse risks. This is in line with the recent literature, as Becchetti et al. (2015) show that ESG

investing reduces the idiosyncratic volatility exposure. This behaviour changes when looking at times of calm in

2011-2015 and the most recent period. Here companies that either have very high or very low ESG scores indicate

the lowest idiosyncratic risk. However, this does not necessarily mean that including the extremes in a portfolio

results in the best possible performance as Campbell et al. (2001) and Luo & Bhattacharya (2009) have shown that

the realized performance in portfolios depends on the overlapping effects of systematic and idiosyncratic risks.

2006−2010 2011−2015 2016−2018
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Figure 4: Overall ESG risk measures for each time interval q using quartiles for ESG classes.

15

Electronic copy available at: https://ssrn.com/abstract=3846739



Type of Risk ESG Risk Market Risk Idiosyncratic Risk

Year A B C D A B C D A B C D

2006-2010 0.696 0.589 0.706 0.614 0.138 0.205 0.083 0.207 0.166 0.206 0.211 0.179

2011-2015 0.704 0.611 0.577 0.766 0.044 0.052 0.066 0.039 0.252 0.338 0.357 0.195

2016-2018 0.630 0.564 0.595 0.693 0.027 0.029 0.027 0.030 0.343 0.407 0.378 0.276

Table 1: Mean values for overall ESG Risk, Market Risk and Idiosyncratic Risk for each ESG Class k in time interval q .

When looking at the lower tail risk measures in Figure 5 and Table 2, using the estimated lower tail dependence

coefficient (λ), we first notice that the magnitude is close to 1. This is due to the design of the indicator and

the number of copula families with zero tail dependence coefficients. Nevertheless, we can still compare the

risk measures across ESG classes and time periods. The intuition why companies with high ESG scores could

potentially encounter lower downside risks is that it is common believe that socially responsible companies are

less exposed to company-specific events that negatively impact the equity price (Diemont et al., 2016). Using

questionnaires and annual assessments, some scholars already found a significant relationship between certain

aspects of CSR and downside tail risk which differs when looking at the region and time (Diemont et al., 2016).

We find that assets with ESG class A show the most favourable lower tail ESG risk throughout the first two time

periods. However, the difference diminishes in 2011-2015 and changes in the most recent period. While some

scholars argue that ESG tail risk has become more pronounced in the most recent year using the Covid-19 crisis

(Lööf et al., 2021), our findings show that the risk measures are very volatile in the most recent period (see also all

standard deviation values in Appendix E.1). From our data provider, we know that these ESG scores are not yet

definitive and can be updated as analysed by Berg et al. (2021), making the behavior in the last period subject to

change.

Looking at the lower tail market risk conditionally on ESG classes, we find that it is very close to 0. The extreme

ESG classes, A and D , show an increased risk in the first time period; however, the magnitude is still close to 0.

Again, we find large variability in the last period, which is possibly due to the non-definitive ESG scores. Lastly,

the idiosyncratic component for lower tail risk events is very small but still seem to be highest for ESG class A in

2011-2015. The variability again seems to be highest in the most recent period.
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Figure 5: Lower tail ESG risk measures (without 0s and 1s) for each time interval q using quartiles for ESG classes.

Type of Risk Lower Tail ESG Risk Lower Tail Market Risk Lower Tail Idiosyncratic Risk

Year A B C D A B C D A B C D

2006-2010 0.881 0.902 0.898 0.897 0.084 0.053 0.054 0.079 0.035 0.045 0.048 0.024

2011-2015 0.911 0.881 0.937 0.927 0.035 0.049 0.028 0.044 0.054 0.070 0.036 0.029

2016-2018 0.768 0.638 0.816 0.729 0.072 0.087 0.093 0.110 0.159 0.274 0.090 0.161

Table 2: Mean values for lower tail ESG risk, Market Risk and Idiosyncratic Risk for each ESG Class k in time interval q .

6. Conclusion

Starting from an empirical analysis of real-world financial data, we notice that ESG rating classes can provide

information on overall risk and tail risk. In fact, as Figure 1 shows, especially in the time periods 2006-2010 and

2011-2015, assets with better ESG ratings seem to exhibit less tail risk. However, as companies tend to improve

their rating throughout time, as seen in Figure 2, these differences tend to diminish, especially in the interval 2016-

2018, in which, however, Refinitiv ESG scores cannot yet be considered definitive. Based on such observations, we

propose the R-vine copula ESG risk model to capture (tail) dependence and compute three new risk measures

both for overall and lower tail risk.

Using vine copula models allows us to capture financial times series characteristics including non-symmetry

and dependence in the extremes, as it can rely on a pair copula construction. Especially the proposed R-vine

copula ESG risk model is able to flexibly model the dependence structures using the ESG scores. Moreover, as for
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each level an arbitrary bivariate copula can be specified, every complex dependence structure can be captured

effectively and optimally. After estimating the R-vine copula ESG risk model, we cannot only estimate all the con-

ditional dependencies among assets as well as specify their interactions as modelled by different copulas families,

but we can also introduce three ESG risk measures that capture ESG risk, market risk conditionally on the ESG

class, as well as an idiosyncratic risk component. We notice that in times of calm, assets with a D score show the

highest individual ESG risk and tail ESG risk, however, we do not confirm this finding in times of crisis. Assets

belonging to ESG class A show unexpected worse ESG risk in times of calm, possibly because of a high invest-

ment volume and popularity from investors who wrongly believe that ESG performance can make them resilient

in times of crisis. We also find a lot of variability in the risk measures in the last years, when the ESG scores are not

definitive and can still be changed. Companies that are not best or worst performers, leaving assets in ESG Class

B and C , often show the lowest ESG risk. Again, this could be due to the non-popularity of assets with mediocre

ESG performance.

The understanding and estimation of such dependencies and risks is of utmost importance for setting up

adequate risk management and mitigation tools as well as building portfolios, ideally, also ESG diversified and

resilient to crises. Current popular ESG inclusion approaches that focus on picking only assets in the highest ESG

rating classes could have indeed possibly benefited in the past from better VaR values but such behavior is not

clear for the most recent interval, where ESG classes are overlapping and differences are diminishing. In fact,

picking assets with the highest ESG scores does not lead to better VaR values necessarily and could result in ap-

plying too much pressure on a specific set of assets without a clear benefit. The constant trend in improving ESG

scores, as shown in Figure 2, might be a factor behind the lack of VaR differentiation between the classes A, B, and

C as well as the large variability in the ESG risk in the last time interval, joint to the fact that such ESG scores are

not yet definitive. Still, we notice that ESG class D assets tend to exhibit poorer VaR values than other ESG classes

and especially in times of calm, exhibit the large overall and lower tail ESG risk, as such classes mostly include

assets which have yet to disclose information needed for ESG score computation. This suggests that ESG disclo-

sure might also have some indirect and positive effect on the company risk management. High on the agenda,

the current model could be used to develop new ESG investment strategies and ESG based risk mitigation and

management modelling tools.
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Appendix A. Notation and Computation

Appendix A.1. Data

We introduce the mathematical indices, data sets and their notations used in the paper.

Type of Data Notation

Economics Sector S= 1, · · · ,10

Trading day t = 1, ...,3271

Year y = 2006, . . . ,2018

Period q = 1,2,3

ESG class Quartiles k ∈ {A,B ,C ,D}

ESG score of asset j in year y ESGy, j

Log return of asset j on trading day t Yt , j

Log return of asset j in period q on trading day t

belonging to ESG class k
Y

q
t , j ,k

S&P 500 log return on trading day t in period q I
q
t ,M

Market capitalization weight of asset j (by 1.01.2015) M j

Mean ESG score of asset j and period q ESG
q
j

ESG class of asset j and period q per sector S K
S,q
j

ESG class weight of asset j in period q α
q
j

Values of ESG class k and period q at trading day t I
q
t ,k

Table A.3: Mathematical Indices, datasets, and their notation used in the paper.

As mentioned in Section 3, we worked with the mean ESG score and the corresponding ESG class of an asset

j for period q . Accordingly, we calculated the assets’ ESG class weights, which were then used to calculate their

corresponding ESG class values, as defined in Table A.3. Their computations are given as follows.

Appendix A.2. Mean ESG score of asset j and period q (ESG
q
j ) :

ESG
q
j =

1

|Pq |
∑

y∈Pq

ESGy, j for ∀ j ,q , (A.1)

where P1 = [2006,2010], P2 = [2011,2015], P3 = [2016,2018], and |Pq | denotes the number of years in Pq .

Appendix A.3. Define ESG classes for each asset j within sector S and period q using quartiles (K S,q
j ) :

Assume j S,q contains asset j in sector S and period q based on their mean ESG scores ESG
q
j , so that the assets

are ordered non-decreasingly. To simplify notation we remove the indices S and q from the asset e.g., l1 = l S,q
1 . ns
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is defined as the total number of assets with in each sector S. Then, we define the ESG quartiles for Sector S in

period q as follows:

We have ∀ j ,S,q :

j S,q = {l1, · · · , lns }

DS,q = {l1, · · · , lnDs
}, where nDs = int

(ns

4

) (A.2)

C S,q = {lnDs+1 , · · · , lnCs
}, where

 nCs = 2 ·nDs +1 if mod(ns ,4) = 3

nCs = 2 ·nDs else
(A.3)

B S,q = {lnCs+1 , · · · , lnBs
}, where

 nBs = 3 ·nDs +1 if mod(ns ,4) = 2,3

nBs = 3 ·nDs else
(A.4)

AS,q = {lnBs+1 , · · · , lns } (A.5)

K S,q
j =



A, if j ∈ AS,q ,

B, if j ∈ B S,q ,

C, if j ∈C S,q ,

D, j ∈ DS,q .

(A.6)

ESG class weight of asset j in period q :

α
q
j =

M j∑
j ′∈[1,n]

j ′:K S,q
j ′ =K

S,q
j

M j ′
for ∀ j ,S,q . (A.7)

Appendix A.4. Values of ESG class k in period q at trading day t :

I q
t ,k = ∑

j ′∈[1,n]

j ′:K S,q
j ′ =k

α
q
j ′ ·Y q

t , j ′,k for ∀q,k and t ∈ Tq , (A.8)

where T1 = [1,1260], T2 = [1261,2517], T3 = [2518,3271].
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Appendix B. Two-Step Inference for Margins

As financial data are strongly dependent on past values and not uniformly distributed on [0,1]d , which is the

necessary input for a copula, a two-step inference for margins (IFM) approach is followed. This approach as been

investigated by Joe (2005). We follow a parametric marginal model and estimate the margins first, we then use

the estimated marginal distributions to transform the data on the copula scale by defining the pseudo-copula

data. This allows us to remove the marginal time dependence by utilizing standard univariate time series models

and then proceed with standardized residuals obtained from these models. We fit a generalized autoregressive

conditional heteroskedasticity (GARCH) model with Student t innovations to our data, allowing for time-varying

volatility and volatility clustering.

Parameters Notation

The set of trading days in period q pq with p0 =;, p1 = {1, . . . ,1260}, p2 = {1261, . . . ,2517}, p3 = {2518, . . . ,3271}

S&P 500 log returns in period q I M ,q =(I M
1+|pq−1|, . . . , I M

|pq−1|+|pq |)
> ∈R|pq |

Matrix of log returns Yt , j in sector and period q for T ∈ tq Y q = [Y1, . . . ,Yn] ∈R|pq |×n , where Y j ′ = (Y1+|pq−1|, j ′ , . . . ,Y|pq−1|+|pq |, j ′ )
>, j ′ ∈ [1,n]

Data matrix for in period q X q = [Y q ,I q , I q
A , I q

B , I q
C , I q

D ] ∈R|pq |×P

Columns of the data matrix X q d = 1, . . . ,P

Rows of the data matrix X q i = 1, . . . , |pq |
Column d of the data matrix X q X q

d =(X q
1,d , . . . , X q

|pq |,d )> ∈R|pq |

Conditional variance vector of X q
t ,d on trading day t (σq

d ,t )2

Estimated degree of freedom for X q
t ,d ν̂d

Estimated covariance for X q
d on trading day t σ̂2

d ,t

Estimated distribution function of the innovation distribution for time series X q
t ,d F̂ q

d ( · ; ν̂d )

Estimated u-data for an observation X q
t ,d in period q ûq

t ,d where t ∈ Tq

Table B.4: Notation of the GARCH and Copula model.

As an input of a R-vine model in period q , we have a data matrix X q defined in Table B.4.

In period q , we fit a GARCH(1,1) model with appropriate error distribution for a marginal time series, X q
d , and

estimate the parameters of the following model:

ε
q
d ,t =σ

q
t ,d · zt (σq

d ,t )2 = γ0 +γ1 · (εq
t−1,d )2 +β1 · (σq

t−1,d )2 (B.1)

where (zt )t>1 is a sequence of normal random independent and identically distributed random variables sat-

isfying the standard assumptions E [zt ] = 0 and var [zt ] = 1 and follows a Student’s t distribution. Then using the

cumulative distribution function of the standardized Student’s t distribution, we determine the pseudo-copula

data with the probability integral transformation (PIT), i.e.

ûq
t ,d := F̂d

(
X q

t ,d

σ̂t ,d
; ν̂d

)
. (B.2)
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Following this two-step approach allows us to convert data to the copula scale, which serves as the input for

our R-vine copula ESG risk model.

Appendix C. Choosing the Bivariate Copula Families and Estimating the Copula Parameters

Then, from the set of bivariate copula families in Table C.5, the optimal pair copula families for the variable

pairs are selected using the Akaike Information Criterion (AIC) (Akaike, 1998), which has been shown to have

good copula family selection properties and high accuracy (Brechmann, 2010). Since each pair copula family

can be specified sequentially and independently at the same tree level, an alternative selection criteria like the

BIC would not be needed to induce sparsity at this step. In the next step, we compute the pseudo copula data as

defined in Appendix B and also more detailed in Czado (2019) for the second tree level T2, using the estimated pair

copulas in the first tree level T1. This input data is similarly used to select the second tree level T2 of the vine and

corresponding pair copula families with their parameters. The approach continues sequentially up to the last tree

level. Following this method, we select the pair copula families, fit the five vine trees, and estimate the parameter

values. As we choose a pair copula family corresponding to each edge separately, the parameter estimation step

is at most a two-dimensional optimization, which is computationally efficient. Moreover, the performance of this

method is satisfactory compared to the full log likelihood method, which could be computationally intractable in

high dimensions (Haff, 2012). More details about R-vines and vine trees are given by Kurowicka & Cooke (2006);

Kurowicka & Joe (2011); Joe (2014); and Czado (2019).

Itau1 Copulas BB Copulas
Properties t F N C J G I BB1 BB7 BB8

Positive Dependence X X X X X X - X X X
Negative Dependence X X X - - - - - - -
Tail Asymmetry - - - X X X - X X X
Lower Tail Dependence X - - X - - - X X -
Upper Tail Dependence X - - - X X - X X X

Table C.5: Parametric copula families and their properties without rotations and reflections. Notation of copula families:t = Student’s t, F =
Frank, N = Gaussian, C = Clayton, J = Joe, G = Gumbel, I = Independence, BB1 = Clayton- Gumbel, BB7 = Joe-Clayton, BB8= Extended Joe.

1Copula families for which the parameter estimation by Kendall’s τ inversion is available without rotations.

To extend the range of dependence, counterclockwise rotations and reflections of the copula density are in-

cluded. This allows the Gumbel, Clayton, Joe, BB1, BB7 and BB8 to also accommodate negative dependence

(τ< 0). For more details, we refer to Chapter 3 of Czado (2019).

Appendix D. Model Fit

Appendix D.1. mBIC of the R-vine copula ESG risk model with three specifications

Comparison of the itau and parametric and Gaussian R-vine models.
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Model Year nobs logLik npars mBIC

itau 2006-2010 1260 133415.85 2300 -241681.52

par 2006-2011 1260 133730.31 2427 -241396.61

gaus 2006-2012 1260 123607.92 1680 -226242.07

itau 2011-2015 1257 132119.36 1975 -241564.51

par 2011-2016 1257 132430.2 2118 -241174.01

gaus 2011-2017 1257 123696.65 1680 -226423.54

itau 2016-2018 754 52671.04 1843 -84884.99

par 2016-2019 754 52882.97 1944 -84646.93

gaus 2016-2020 754 48514.13 1680 -76917.14

Table D.6: Model fit for each model at different time interval q- decision measure mBIC (Nagler et al., 2019). Additional information are

available upon author request.
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Appendix D.2. Copula Families Estimated from 7 different copula families and their rotations

Copula Family & Rotation Itau Copula Families Parametric Copula Families Gaussian Copula Families

Year 2006-2010 2011-2015 2016-2018 2006-2010 2011-2015 2016-2018 2006-2010 2011-2015 2016-2018

Studentst 325 319 289 287 296 234 0 0 0

Clayton 0 0 1 0 0 1 0 0 0

Frank 8 9 15 3 5 10 0 0 0

Gaussian 2 1 20 2 1 16 338 338 338

Gumbel 0 5 2 0 0 2 0 0 0

Independence 0 0 4 0 0 4 0 0 0

Gumbel 180° 3 4 7 0 2 1 0 0 0

BB1 0 0 0 0 2 0 0 0 0

BB7 0 0 0 1 0 0 0 0 0

BB8 0 0 0 15 26 12 0 0 0

BB1 90° 0 0 0 3 0 0 0 0 0

BB7 90° 0 0 0 0 0 1 0 0 0

BB8 90 ° 0 0 0 2 0 1 0 0 0

BB1 180° 0 0 0 2 3 1 0 0 0

BB7 180° 0 0 0 3 1 0 0 0 0

BB8 180° 0 0 0 16 12 9 0 0 0

BB1 270° 0 0 0 3 0 1 0 0 0

BB7 270° 0 0 0 1 2 3 0 0 0

BB8 270° 0 0 0 2 0 1 0 0 0

Table D.7: Bivariate copula families and independence copula fitted for Tree 1 (T1). Only copula families which are chosen at least once are

presented. Additional vine trees are available upon author request.

Appendix E. Additional Information on Risk Measures

Appendix E.1. Standard Deviation of Risk Measures

Type of Risk ESG Risk Market Risk Idiosyncratic Risk
Year A B C D A B C D A B C D

2006-2010 0.124 0.087 0.086 0.086 0.102 0.056 0.058 0.074 0.088 0.080 0.075 0.074
2011-2015 0.093 0.104 0.090 0.081 0.045 0.041 0.039 0.040 0.091 0.086 0.078 0.081
2016-2018 0.178 0.123 0.125 0.124 0.036 0.040 0.037 0.042 0.163 0.118 0.120 0.114

Table E.8: Standard Deviation values for overall ESG Risk, Market Risk and Idiosyncratic Risk for each ESG Class k in time interval q
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Type of Risk ESG Risk Market Risk Idiosyncratic Risk
Year A B C D A B C D A B C D

2006-2010 0.147 0.135 0.186 0.293 0.116 0.073 0.077 0.228 0.105 0.119 0.180 0.170
2011-2015 0.295 0.207 0.215 0.166 0.020 0.026 0.018 0.016 0.293 0.207 0.215 0.167
2016-2018 0.330 0.335 0.348 0.303 0.030 0.065 0.123 0.122 0.330 0.331 0.342 0.278

Table E.9: Standard Deviation values for lower tail ESG risk, Market Risk and Idiosyncratic Risk for each ESG Class k in time interval q
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