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Abstract
Given that there is no consensus on the fact that ESG portfolios are characterized by 
very high returns and very low risks compared to conventional portfolios, this study 
aims to empirically verify whether the series of returns of an ESG portfolio is less 
volatile than the returns of a benchmark market portfolio. To verify this hypothesis, 
we used the Markov-switching GARCH models in order to model the process of the 
series of daily returns of the ESG portfolio “MSCI USA ESG Select,” as well as 
those of the market benchmark portfolio daily returns series “S&P 500,” during the 
period June 01, 2005 to December 31, 2020 as well as that excluding the COVID19 
crisis and from June 1, 2005 to October 29, 2019. It can be concluded that the ESG 
portfolio “MSCI USA ESG Select” is relatively less turbulentcompared to the mar-
ket benchmark portfolio “S&P 500.”

Keywords Markov-switching GARCH models · ESG portfolio · Volatility

JEL Classification C58 · G11 · G15

Introduction

During the process of choosing an investment, a company’s adherence to environ-
mental, social, and corporate governance (ESG) principles becomes increasingly 
relevant in the current social and investment climate. Companies that focus on ESG 
principles have historically outperformed those that do not and experience less risk 
(Chen and Mussalli 2020; Cheng et  al. 2014; Dimson et  al. 2015; Harper 2020; 
Kurtz 2020). However, there is no consensus on the positive relationship between 
the integration of ESG factors in the investment and its performance (Anson et al. 
2020; Brunet 2019; Friede et al. 2015; Giese and Lee 2019). Furthermore, there is 
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an extensive and voluminous literature devoted to ESG investing, and thousands of 
research studies focused on sustainable investing and ESG highlighting both positive 
and negative impacts (Anson et al. 2020). Moreover, it is not easy to define a pro-
cess for building ESG portfolios which, on the one hand, optimally combine profit 
maximization characteristics and ESG characteristics; and, on the other hand, take 
into account the specific requirements of investors (Kurtz 2020; Chen and Mussalli 
2020). According to Chen and Mussalli (2020), there is an optimal approach to con-
structing ESG portfolios optimally combining the dual objective of Jensen’s Alpha 
and sustainability outperformance. Their proposed approach is based on three pil-
lars: ESG factors which can also provide Alpha; the consideration of a unique mate-
riality linking ESG and Alpha considerations; and a portfolio construction frame-
work that takes into account the preferences of the ESG assets’ owner.

Considering that ESG is a constantly evolving field, several terms, such as sus-
tainable investing, socially responsible investing, thematic investing, and responsi-
ble investing are often used to express the same concept. Indeed, ESG is sometimes 
used as a synonym for sustainability or corporate social responsibility. However, 
this usage can be confusing, as ESG factors can be used in many types of valua-
tion. Despite varying definitions, the central concept of corporate social responsibil-
ity as a measurable quantity is valid (Orlitzky et al. 2003). On the other hand, the 
definitions of ESG are different according to the researchers. Chatterji et al. (2015) 
demonstrate very weak correlations between six different ESG rating systems and 
note that users of social ratings should be cautious in interpreting their link to actual 
“corporate social responsibility.” In their analysis of the differences between five 
scoring systems for the year 2014, Berg et al. (2019) attribute 50% of the variations 
in the result to measurement error. Therefore, it is logical to use ESG as an adjec-
tive “quantitative” rather than as the noun “corporate social responsibility” (Kurtz 
2020). Since ESG metrics are used for many different purposes, the results of ESG 
rating systems are not expected to be highly correlated, nor those of quantitative 
models. The portfolio manager is, then, called upon to develop the most appropriate 
frameworks and ratings based on the strategy objectives.

In order to meet the growing craze for ESG portfolios, there is an array of ESG 
investment solutions. It should be noted that asset owners, who invest in ESG-
centric strategies, attribute relatively different importance to ESG and Alpha. 
Indeed, when we talk about an ESG investment, we often use the following terms: 
“ESG Alpha” that is to say Alpha factors built with Alpha and ESG considera-
tions; “Standard Alpha” that is, Alpha factors constructed solely on the basis of 
Alpha considerations; and “Materiality” which establishes the link between ESG 
considerations and financial returns (Chen and Mussalli 2020). Regarding that 
the future evolution of a market variable is uncertain, the risk manager is called 
upon to monitor this uncertainty for a good assessment of the losses to which he 
is exposed (Hull et al. 2013). In addition to the risk manager, uncertainty about 
profit prospects and risk assessment also complicates the task of regulatory bod-
ies. Since there is no consensus on the fact that ESG portfolios are characterized 
by very high returns and very low risks compared to conventional portfolios, we 
wish to verify empirically whether the series of returns of an ESG portfolio are 
less volatile than those of a benchmark market portfolio’s returns. Thus, the main 
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purpose behind this article is to identify the econometric model likely to model 
the process of the series of ESG portfolio daily returns “MSCI (Morgan Stanley 
Capital International) USA ESG Select,” as well as the series of the “S&P 500” 
market benchmark portfolio daily returns, in order to predict their short-term 
trends and volatility. MSCI USA’s ESG Select portfolio has been designed to tar-
get companies with positive ESG factors. It is designed to overweight companies 
with a high ESG rating and underweight companies with a low rating. Tobacco 
and controversial weapons companies, as well as the main producers of alco-
hol, gambling, firearms, weapons of war, and nuclear power do not qualify for 
inclusion. Considering that finance has two regimes: state of stability and state 
of crisis, the Markov-switching “GARCH and EGARCH” models constitute the 
econometric approach adequate to model the phases of expansion, and those of 
recession for the case of series of the ESG portfolio “MSCI USA ESG Select” 
daily returns, and those of the series of the market benchmark portfolio “S&P 
500” daily returns, during the period from June 01, 2005 to December 31, 2020 
(as well as that excluding the COVID19 crisis and from June 1, 2005 to October 
29, 2019). There is, on the one hand, nonlinear models, at the mean level, which 
include, inter alia, the TAR model (Tsay 1989), the SETAR model (Teräsvirta 
and Anderson 1992), and the Markov regime change model (Hamilton 1989), and 
on the other hand, the nonlinear models, at the level of variance, which include, 
inter alia, the ARCH models (Engle 1982) and its extensions: GARCH (Boller-
slev 1986), EGARCH (Nelson 1991), and TGARCH (Zakoian 1994). We have 
thought of modeling the volatility of the ESG portfolio of our interest by a mixed 
model between a nonlinear model at the level of the mean and another nonlinear 
at the level of the variance, i.e., the Markov-switching GARCH model (Adia et al. 
2018; Ardia 2008; Cai 1994; Gray 1996; Hamilton and Susmel 1994; Hansen and 
Lunde 2005; Marcucci 2005). Thus, the objective of this research paves the way 
to the following questions: is there a change of regimes in the series of an ESG 
portfolio’s returns? Does the series of ESG portfolio’s returns follow a Markov-
switching GARCH process? What is the probability of a transition from a state of 
stability to a state of crisis for an ESG portfolio? What is the probability of being 
in crisis (smoothing probability) for an ESG portfolio? How long is a period of 
high volatility for an ESG portfolio? Is the ESG portfolio less turbulent than a 
market benchmark portfolio?

In order to present this research, a review of the literature on an ESG invest-
ment will be conducted. It will shed light on the main approaches of an ESG 
investment or portfolio, and the scientific debate on the nature of the relationship 
between ESG investment and its performance. The methodology adopted will be 
presented. The ARCH model and its extensions as well as the Markov-switching 
“GARCH and EGARCH” models are suitable for modeling and forecasting the 
series of the ESG portfolio’s daily returns “MSCI USA ESG Select” as well as 
those of the market benchmark portfolio’s daily returns “S&P 500,” during the 
period 2005–2020 as well as that excluding the crisis of the COVID19 pandemic 
2005–2019. At the end of this article, and based on the analysis of results, discus-
sion of the results along with some concluding remarks will be provided.
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Conceptual framework of ESG investment

Before presenting the scientific debate on the nature of the relationship between 
ESG investment and its performance (“The relationship between ESG investment 
and its performance” section), it is first necessary to take stock of the three main 
approaches of an ESG investment or portfolio: the exclusion method, the integration 
investment, and impact investment approaches (“Approaches to ESG investment” 
section).

Approaches to ESG investment

ESG investing is based on three approaches: the exclusions method, the integrative 
investing approach, and the impact investing approach. Not all responsible investing 
products incorporate all three approaches, but most use a combination of them.

Restrictions or exclusions method

Commonly known as “socially responsible investing” (SRI) and considered as the 
primary form of ESG investment, this investment method excludes investments in 
companies involved in controversial areas, such as arms, tobacco, gambling, change 
climate, human rights, adult content, and private prisons. In 1990, the first broad 
social index was launched in the United States under the name “Domini Social 
Index,” now called “MSCI KLD 400 Social Index.” The study by Kurtz and DiBar-
tolomeo (2011) analyzes the social index “MSCI KLD 400” through the use of fac-
tors from the fundamental risk model of Northfield. That of Trunow and Lindner 
(2015) studies the “Calvert” social index using an MSCI Barra model. The results 
of these two studies show, on the one hand that the deviations from the benchmark 
index are due to common factors, and on the other hand, the existence of a small 
positive stock selection effect but statistically insignificant (Kurtz 2020). A SRI-
based portfolio typically results in a lower Alpha than its counterpart with no list of 
restrictions. However, these exclusions reduce the maximum return achieved by the 
manager. Furthermore, they do not distinguish between relatively good or bad ESG 
companies. Therefore, this exclusion method remains a rudimentary approach to 
ESG investing that might probably produce less than optimal ESG and Alpha results 
(Chen and Mussalli 2020; Kurtz 2020).

Integration investment approach

In this approach, ESG factors are integrated into stock selection and portfolio con-
struction. ESG factors can contribute to long-term financial performance, through 
increasing returns or minimizing risk (Chen and Mussalli 2020; Glosner 2017; 
Harper 2020). When ESG factors are properly integrated, they allow institutional 
investors, on the one hand, to better understand the risk and return profile of invest-
ments and, on the other hand, to improve the performance of investments (Harper 
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2020). The advantage of this approach lies in the assessment of ESG issues by 
Alpha de Jensen. Unlike traditional exclusions, ESG analysis takes into account 
various social, environmental, and governance issues, and uses rating systems to 
assess all securities in the investment universe. Currently, asset managers use ESG 
strategies that completely neglect exclusions. In three years, the proportion of assets 
under management domiciled in the United States and managed by ESG strategies 
has risen from less than 10% to almost 60% (Cahan 2019; Kurtz 2020). Chen and 
Mussalli (2020) consider the construction of ESG portfolios to be better within an 
integrated framework which, on the one hand, covers the range of ESG needs of 
asset owners according to the following two dimensions: the importance of ESG 
performance by report on Alpha and ESG metrics that matter to the asset owner and, 
on the other hand, is based on three major pillars: Alpha ESG factors, investment 
materiality measurement, and construction of an integrated ESG portfolio.

Impact investing approach

According to this method, investors must direct their capital to companies that pro-
vide solutions to social and environmental problems. One of the main challenges of 
this approach is the measurability of the results. In this approach, a given portfolio 
is evaluated according to the ESG and Alpha dimensions. The positive relationship 
between high corporate social responsibility ratings and the power to make profits 
for the company illustrates the possibility of Alpha ESG (Investor’s Business Daily 
2019; Tsoutsoura 2004; Waddock and Graves 1997). This relationship continues in 
materiality-based ESG rating systems, which makes it possible to link ESG consid-
erations to Alpha. Environmental, social, and corporate governance (ESG) issues 
can affect the performance of investment portfolios differently across companies, 
sectors, regions, asset classes, and over time (Chen and Mussalli 2020). Indeed, 
environmental issues are important to industrial companies, although they are not as 
important to professional service companies. On the other hand, employee satisfac-
tion is important for these companies, while it is not as critical for companies whose 
assets are mainly based on physical capital. Thus, the common approach to identify 
materiality is to segment companies by industry.

Following their release in 2018, the Sustainability Accounting Standards Board 
(SASB) standards are widely adopted in the United States and internationally. In 
September 2019, Bloomberg announced their intention to launch a family of 
equity indices based on SASB standards (Bloomberg Professional Services 2019). 
In November 2019, the CFA Institute announced their intention to launch a new 
ESG standardization initiative (FundFire 2019). In October 2019, Robert Pozen, a 
speaker from MIT, praised SASB standards but complained about the multitude of 
acronyms used in the United States, i.e., GRI (Global Reporting Initiative), TCFD 
(Task Force on Climate- related Financial Disclosures), CDSB (Climate Disclosure 
Standards Board), and IIRC (International Integrated Reporting Council), which 
makes it difficult to control them and make decisions, because each of them has 
somewhat different standards (Kurtz 2020). It is worth noting that, due to the lack 
of agreement on global standards for responsible investing, there are some inves-
tors who do not integrate ESG factors into their investments (Harper 2020). For a 
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potential pair of “investment materiality metrics” (IMM)”and “ Alpha ESG factor” 
given on an investment universe, the IMM materiality test must take into account 
its different efficiency in the two investment sub-universes, i.e., the material sub-
universe and the intangible sub-universe, and validate the hypothesis that the Alpha 
ESG factor has significant impacts on the functioning of companies in the material 
sub-universe and, therefore, on stock returns, relative to the intangible sub-universe 
(Chen and Mussalli 2020).

Impact investing can take many forms, such as a certificate of deposit from a 
credit union in a low-income region that can impact through directing capital to a 
poor population while offering investors a return guaranteed by the federal govern-
ment, and a municipal bond supporting schools could also offer a win–win outcome 
through conventional means (Kurtz 2020). Beyond these traditional mechanisms, 
impact investors have recently made more use of private capital markets to create 
innovative specialist vehicles (Global Impact Investing Network 2019). Based on a 
significant number of data on ESG shareholder commitments in 50 countries from 
2005 to 2013, Barko et al. (2017) demonstrate the positive effects on the stock prices 
of the companies concerned and other fundamental indicators, such as return on 
assets (ROA), return on equity (ROE), gross margin, sales performance, and asset 
turnover. Consequently, they find that a successful engagement more improves the 
ESG performance of the companies involved (Kurtz 2020).

The relationship between ESG investment and its performance

With new approaches to integration and impact, investors now have a belief that 
ESG and Alpha investing are not mutually exclusive. Indeed, breaches of certain 
ESG criteria can lead to higher business risks and negatively affect financial perfor-
mance (Chen and Mussalli 2020; Dhaliwal et al. 2011, 2012; Khan et al. 2016; Kot-
santonis et al. 2016). As a testament to this, GEO Group stocks underperformed the 
Dow Jones Equity REIT Total Return Index by more than 50% in 2019, following 
the litany of allegations of human rights and civil liberty violations (unpaid wages, 
poor working conditions, and sexual harassment) which had business implications 
hampering the group’s position in government tenders. On the other hand, “Russell 
1000” companies that score well on the recently introduced Sustainalytics risk rat-
ing have significantly higher operating returns on invested capital (ROIC) than low-
rated companies (Kurtz 2020). The superior performance of these companies is the 
outcome of specific competitive advantages. Indeed, belonging to social indices and 
having high ESG, sustainalytics scores are both positively correlated with Morning-
star’s proprietary Moat rating, a judgmental rating that estimates a company’s ability 
to deliver good long-term economic performance (Brilliant and Collins 2014; Hale 
2017; Kurtz 2016).

However, the causality between ESG investing and Alpha remains disputed. 
According to Goldberg (2019), there is no credible answer to the question of whether 
ESG investing generates Alpha (Orlitzky et al. 2003). Porter et al. (2019) criticize 
claims that rating systems can improve returns and note that, despite countless stud-
ies, there has never been conclusive evidence that socially responsible investing 



7Is the ESG portfolio less turbulent than a market benchmark…

provides “Alpha.” However, they also conclude that taking ESG factors into account, 
in the context of a particular firm’s strategy, could increase investment returns. The 
literature on ESG investing is voluminous, and thousands of researches on sustain-
able investing and ESG highlight both positive and negative impacts (Anson et al. 
2020). Indeed, the meta-analysis of more than 2000 studies on the advantages and 
disadvantages of sustainable investing, by Friede et  al. (2015), indicates that 48% 
of studies found a positive impact, 41% found a neutral or inconclusive impact, 
and 11% recorded a negative impact (Anson et al. 2020). Likewise, Giese and Lee 
(2019) conclude that there is no consensus on improving risk-adjusted returns by 
ESG criteria, because of the different ESG methodologies used by researchers and 
applied over different periods and in different universes of investment (Anson et al. 
2020). In addition, in his meta-analysis of 26 research studies on ESG investment, 
published between 2010 and 2018, Brunet (2019) concludes the absence of this con-
sensus, 10 studies found a positive impact of investment ESG; 10 others found a 
negative impact; and 6 found a neutral impact (Anson et al. 2020).

In terms of risk, Nofsinger and Varma (2014) show that, depending on the values   
of beta, market capitalization and book price/price ratio, responsible mutual funds 
outperform their peers in times of crisis; however, during periods of low volatility, 
they become underperforming. Kim et  al. (2014) find that MSCI ESG stocks that 
exhibited better ESG performance, during the period 1994–2008, were less risky 
thanks to better disclosure practices. In addition to these general conceptions of ESG 
risk, Litterman (2017), the former head of risk at Goldman Sachs, examines climate 
change risk comprehensively. He notes that, as atmospheric carbon concentrations 
increase, so does uncertainty about the financial results. Another potential benefit of 
considering Alpha ESG sources is that companies with a high ESG rating tend to be 
less exposed to systematic and company-specific risk factors, resulting in lower cost 
of capital and higher long-term valuation under discounted cash flow (DCF) (Chen 
and Mussalli 2020). Despite the voluminous literature and thousands of studies on 
sustainable investing and ESG, there is no consensus on the positive impact of ESG 
investing on its performance, and the published results highlight, as well, positive 
than negative impacts (Anson et al. 2020; Brunet 2019; Friede et al. 2015; Giese and 
Lee 2019).

Methodology of the econometric study

Before presenting the Markov-switching GARCH and Markov-switching EGARCH 
models likely to take into account the variations of conditional variances (“Markov-
switching GARCH models” section), it is first necessary to present the ARCH pro-
cess and its extensions (“GARCH models” section).

GARCH models

The formula for returns rt is
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where pt is the price of the index on day t and pt−1 is the price of the index on day 
t − 1.

ARCH model

The ARCH(q) model, advanced by Engle (1982) during a study of the variance of 
inflation in Great Britain, is based on a quadratic parameterization of the conditional 
variance (Lardic and Mignon 2002). The latter is a linear function of the q past values   
of the process of the square of innovations of an AR(P) (or regression) model of our 
variable of interest yt . The ARCH(1) model is then written as follows:

with 𝛼0 > 0 and �1 ≥ 0 ; �t = �t

√
ht (where �t ∼ N(0,−1) ) as the error term of the 

following AR(1) model: rt = �1yt−1 of our variable of interest; and ht as the condi-
tional variance.

GARCH model

The GARCH model of Bollerslev (1986) is given by

where 𝛼0 > 0,∼ �1 ≥ 0 , and ∼ � ≥ 0.

EGARCH model

However, the ARCH and GARCH models turn out to be insufficient because of the 
positivity constraints imposed on their parameters and their formulations which con-
sider that the conditional variance is symmetric (Cao and Tsay 1992; Nelson 1991). 
These shortcomings were behind the development of the EGARCH (Exponential 
GARCH) model, the TGARCH (Threshold GARCH) model,e and the QGARCH 
(Quadratic GARCH) model.

Having been successful in the analysis of the returns of financial assets, the log-lin-
ear model EGARCH (1, 1) of Nelson (1991), which relates to the logarithm of the con-
ditional variance and which does not impose the constraints of positivity on the coef-
ficients �0 , �1,∼ �2, and � , is written as follows:

(1)rt = 100
[
log

(
pt
)
− log

(
pt−1

)]
,

(2)rt = � + �t = � + �t

√
ht

ht = �0 + �1�
2
t−1

(3)
rt = � + �t = � + �t

√
ht,

ht = �0 + �1�
2
t−1

+ �ht−1,

(4)log
(
ht
)
= �0 + �1

||||
�t−1

ht−1

|||| + �2
�t−1

ht−1
+ � log

(
ht−1

)
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without conditions or constraints on the parameters.

Markov‑switching GARCH models

The pioneering work of Cai (1994) and Hamilton and Susmel (1994) applied 
Markov-switching ARCH models to financial time series. It is true that they failed 
to incorporate a lagged value of the conditional variance into the variance equation, 
but they offer good likelihood calculus compared to the Markov-switching GARCH 
models. In order to take these last two remarks into consideration, Markov-switch-
ing GARCH lower-order models offer a more parsimonious representation than 
Markov-switching ARCH higher-order models and are characterized by parameters 
that can change over time as a function of an unobservable discrete variable (Gray 
1996; Hansen and Lunde 2005). They have the advantage of adapting quickly to 
changes in the level of unconditional volatility and, therefore, obtaining better risk 
predictions (Ardia 2008; Ardiaa et al. 2018; Marcucci 2005).

Hamilton (1989) shows that the first difference of the observed financial series, 
which are generally non-stationary in level, follows a nonlinear stationary process. 
By seeking to model the process of a financial series in this way as a Markov-
switching process, he determines each of these regimes at date t by an unobservable 
variable denoted St . Generated by a Markov process of order 1, where the current 
regime St depends only on the previous regime St−1 , this variable St takes on two 
possible states: the state of stability “1” and that of crisis “2.” It has the following 
transition probabilities: Pr

(
St = 2∕St−1 = 2

)
= P22 and Pr

(
St = 1∕St−1 = 1

)
= P11.

Its stochastic process is then represented by the matrix of constant transition 
probabilities:

where Pij = Pr
(
St = j∕St−1 = i

)
 is the probability of passing from state i to state j 

and 
2∑
j=1

Pij = 1 for i ∈ {1;2} ; that is to say: P12 = 1 − P11 et P21 = 1 − P22 . The tran-

sition probabilities will take the following logistic form: P11 =
exp (P0)

1+exp (P0)
 and 

P22 =
exp (q0)

1+exp (q0)
 , where p0 and q0 are initial values   chosen arbitrarily.

The unconditional probabilities of the state of stability and that of crisis, which 
are, respectively, equal to �1 =

1−P22

2−P22−P11

 and �2 =
1−P11

2−P22−P11

.
The Markov-switching GARCH model in its general form can be written as 

follows:

(5)Θ =

(
P11 P21

P12 P22

)
,

(6)rt��t−1 ∼
⎧⎪⎨⎪⎩

f
�
�
(1)
t

�
w.p.p1,t

f
�
�
(2)
t

�
w.p.

�
1 − p1,t

� ,
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where f (.) is here the assumed normal conditional distribution function; student or 
GED; �(i)t  is the vector of the parameters in the ith regime which characterizes the 
distribution (with i ∈ {1, 2} ); p = p11 ; p1,t = Pr

[
st = 1|�t−1

]
 is the ex-ante probabil-

ity; and �t−1 is the information available at time t − 1.
The vector of parameters �(i)t  can be decomposed into three components: 

�
(i)
t =

(
�
(i)
t , h

(i)
t , �

(i)
t

)
 , where �

(i)
t ≡ E(rt|�t−1) is the conditional mean; 

h
(i)
t ≡ Var(rt|�t−1) is the conditional variance; and �(i)t  is the form of the parameter of 

the conditional distribution (with i ∈ {1, 2}).
Accordingly, the Markov-switching GARCH model depends on four elements: 

the conditional mean, the conditional variance, the regime process, and the condi-
tional distribution.

The conditional mean equation, which is usually modeled by a random walk, can 
be written as follows:

where i ∈ {1, 2} and �t = �t

√
ht and �t follows a process with mean 0 and variance 

1.
The conditional variance assumed by a Markov-switching GARCH(1, 1) process 

is written as follows:

where i ∈ {1, 2} , ht−1 is the independent state of the past conditional variance.
When the conditional variance follows a Markov-switching EGARCH(1, 1) pro-

cess, it is written as follows:

where i ∈ {1, 2} and ht−1 is the independent state of the past conditional variance.
The probability that the regime at time t is the stability regime (regime 1), know-

ing the information at time t − 1, is

where p = p11 ; q = p22 ; and f (.) is the conditional density.

(7)rt = �
(i)
t + �t = �(i) + �t,

(8)h
(i)
t = �

(i)

0
+ �

(i)

1
�2
t−1

+ �(i)ht−1,

(9)log
(
h
(i)
t

)
= �

(i)

0
+ �

(i)

1

||||
�t−1

ht−1

|||| + �
(i)

2

�t−1

ht−1
+ �(i) log

(
ht−1

)
,

(10)

p1,t = Pr

(
St = 1| �t−1

)
= (1 − q)

[
f
(
rt−1|St−1 = 2

)(
1 − p1,t−1

)

f
(
rt−1|St−1 = 1

)
p1,t−1 + f

(
rt−1|St−1 = 2

)(
1 − p1,t−1

)
]

+ p

[
f
(
rt−1|St−1 = 1

)
p1,t−1

f
(
rt−1|St−1 = 1

)
p1,t−1 + f

(
rt−1|St−1 = 2

)(
1 − p1,t−1

)
]
,
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Results of the econometric study

In order to identify the process of both the series of daily returns of the ESG portfo-
lio “MSCI USA ESG Select” and the series of daily returns of the market benchmark 
portfolio “S&P500,” during the period from June 01, 2005 to December 31, 2020, it 
is essential to conduct graphical, statistical, and econometric examinations of these 
series to check their stationarity and the presence of the ARCH effect (“Graphic 
and statistical study of the series of daily returns of the ESG portfolio “MSCI USA 
ESG Select” and of the series of daily returns of the market benchmark portfolio 
“S&P 500” and unit root tests” section). Subsequently, it is important to estimate the 
“GARCH and EGARCH” with single regime, the Markov-switching “GARCH and 
EGARCH” models and retain those which, on the basis of the results of Student’s t 
test for the model coefficients and of the Durbin-Watson, Box-Pierce and Ljung-Box 
tests for the residuals of this model, are statistically and econometrically robust and, 
therefore, infer the transition probabilities, those unconditional and the anticipated 
duration conditional on the state of crisis for the two series of our interest (“Results 
of estimation of the “GARCH and EGARCH” with single-regime and the Markov-
switching “GARCH and EGARCH” models” section). It should be noted that we 
did the same work during the study period from June 1, 2005 to October 29, 2019, 
without taking into consideration the Covid-19 pandemic period. The tables and fig-
ures of the results obtained for this study period 2005–2019 can be found in Appen-
dix. The analysis of these results exists at the end of “Results of estimation of the 
“GARCH and EGARCH” with single-regime and the Markov-switching “GARCH 
and EGARCH” models” section.

Graphic and statistical study of the series of daily returns of the ESG portfolio 
“MSCI USA ESG Select” and of the series of daily returns of the market benchmark 
portfolio “S&P 500” and unit root tests

Figure 1 below shows the graphical evolution of the series of daily prices and returns 
of the ESG portfolio “MSCI USA ESG Select” and the market benchmark portfolio 
“S&P500” from June 01, 2005 to December 31, 2020.

The graphical examination of our interest variables shows that the daily prices 
of the ESG portfolio “MSCI USA ESG Select” and the market benchmark portfo-
lio “S&P 500” are not stationary I(1) (the curves on the left), whereas the series of 
daily returns of the same portfolios (the curves on the right) are stationary and so 
are I(0). Table 1 presents the statistical indicators of the series of daily returns of the 
ESG portfolio “MSCI USA ESG Select” and the market benchmark portfolio “S&P 
500,” during the period from June 01, 2005 to December 31, 2020.

The series of ESG portfolio returns is also characterized by the stylized facts well 
known and observed in financial time series, such as: the series of daily returns of 
the market benchmark portfolio “S&P500.” As a result, there is a high probability of 
occurrence of extreme points, because the distribution of the series of daily returns 
of the ESG portfolio “MSCI USA ESG Select” is less flattened than the normal 
distribution: it is a leptokurtic distribution. In fact, its flattening coefficient is high 
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(more than 3). There is also nonlinearity in this series, because its distribution, with 
an asymmetric coefficient, less than 0, is skewed spread to the left. This asymmetry 
is reflected in the fact that volatility is lower after a rise than after a fall in returns. In 
other words, yields react more to a negative shock than to a positive one. It should 
also be noted that the Jarque Bera test shows that the daily series of returns of the 
ESG portfolio “MSCI USA ESG Select” does not follow the normal law.

Fig. 1  Daily prices and returns of the ESG portfolio “MSCI USA ESG Select” and the market bench-
mark portfolio “S&P 500”

Table 1  Statistical indicators 
of the series of daily returns of 
the ESG portfolio “MSCI USA 
ESG Select” and the market 
benchmark portfolio “S&P 
500,” during the period from 
June 01, 2005 to December 31, 
2020

RMSCIESG RSP500

Mean 0.036491 0.027571
Median 0.074436 0.072267
Maximum 9.983295 10.95720
Minimum  − 10.91490  − 12.76522
Std. Dev 1.186084 1.263144
Skewness  − 0.512606  − 0.563251
Kurtosis 14.80494 17.12119
Jarque–Bera
(Probability)

22,131.75
(0.000000)

31,631.71
(0.000000)

Sum 138.0462 104.3009
Sum Sq. Dev 5320.502 6034.308
Observations 3783 3783
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The graphic examination of our interest variables shows that the daily prices of 
the ESG portfolio “MSCI USA ESG Select” and of the market benchmark portfo-
lio “S&P500” are not stationary I(1) (curves on the left), so that the series of daily 
returns of the same portfolios (curves on the right) are stationary and are, thus, I(0)
(Fig. 1).

In order to make the correct decision on the stationarity of our variables of inter-
est, it is essential to relegate this question to unit root tests, i.e., the Augmented 
Dickey-Fuller, Phillips-Perron, and KPSS (Kwiatkovski, Phillips, Schmidt and Shin) 
(Table 2).

These tests converge towards the same result. Indeed, our interest variables, the 
daily prices of the ESG portfolio “MSCI USA ESG Select,” and the market bench-
mark portfolio “S&P500” are not stationary (I(1)), whereas the series of their 
returns are stationary and are, thus, I(0). As a reminder, the series of daily returns of 
the ESG portfolio “MSCI USA ESG Select” is also characterized by the well-known 
stylized facts observed in financial time series, such as the series of daily returns of 
the market benchmark portfolio “S&P500” (Table 1). Therefore, the “GARCH and 
EGARCH” with single regime and the Markov-switching “GARCH and EGARCH” 
models are estimated by the maximum likelihood method.

Results of estimation of the “GARCH and EGARCH” with single‑regime 
and the Markov‑switching “GARCH and EGARCH” models

The tables below, respectively, present the results of the estimation of the “GARCH 
and EGARCH” with single-regime models for the ESG portfolio “MSCI USA ESG 
Select” and for the market benchmark portfolio “S&P500” (Tables 3, 4).

Taking into account the results of the test of the individual significance of the 
coefficients as well as the information criteria (AIC, BIC, and Log (L)), the GARCH 
specification, with a conditional distribution GED, turns out to be the most suitable 
to model the conditional volatility for the ESG portfolio “MSCI USA ESG Select” 
and the conditional volatility for the market benchmark portfolio “S&P500.” We 
extended this econometric modeling of volatility by estimating the Markov-switch-
ing GARCH models and the Markov-switching EGARCH models for the ESG port-
folio “MSCI USA ESG Select” and for the market benchmark portfolio “S&P500” 
(Tables 5, 6, 7, 8).

Taking into account, the results of the test of individual significance of the coef-
ficients, the conditional distribution test, and the information criteria (AIC, BIC and 
Log (L)), the Markov-switching EGARCH models, with a conditional distribution 
GED, prove to be adequate to model conditional volatility for both the ESG portfolio 
“MSCI USA ESG Select” and the market benchmark portfolio “S&P500.” The fol-
lowing figure illustrates the graphical representations of the conditional volatilities 
estimated by the above-mentioned models (the GARCH models and the Markov-
switching EGARCH models, both with a conditional distribution GED), from June 
01, 2005 to December 31, 2020, for the two series of our interest: RMSCIESG and 
RS&P500.
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From this figure, we can consider that the range (maximum-minimum) is very 
large for the case of the market benchmark portfolio “S&P500” compared to the 
case of the ESG portfolio “MSCI USA ESG Select.” This observation illustrates 
that the ESG portfolio is less volatile than that of the market. The conditional vol-
atilities of the two portfolios of our interest recorded increases during the Inter-
national Financial Crisis 2007–2009, the Sovereign Debt Crisis in 2011, and the 
COVID19 pandemic crisis. However, the conditional volatilities for the two port-
folios of our interest are very high during the crisis of the COVID19 pandemic 
in March 2020, compared to other financial shocks (the International Financial 
Crisis 2007–2009 and the Sovereign Debt Crisis in 2011).

Table 9 gives the values   of certain indicators of position and central tendency, 
and of dispersion of conditional volatilities estimated by the two models used. 
The results obtained confirm the nature of the evolution of conditional volatility 
advanced after Fig. 2. 

Whether it is for the GARCH models or the Markov-switching EGARCH mod-
els, both with a conditional distribution GED, the indicators of central tendency 
and position (the 1st quartile, the median, the 3rd quartile, the arithmetic mean), 
the minimum value, the maximum value, and the indicators of dispersion (the 
standard deviation and the interquartile coefficient) of volatility conditional shows 
that the ESG portfolio is less volatile than the market one. On the one hand, the 
extent of conditional volatility for the case of the ESG portfolio is lower than that 
of conditional volatility for the case of the market portfolio. On the other hand, 

Table 4  “GARCH and EGARCH” with single-regime Models for the market benchmark portfolio “S&P 
500”

*Indicates the significance of the coefficient at the statistical threshold of 5%; and (.) the critical prob-
ability.

GARCH
r
t
= � + �

t
= � + �

t

√
h
t
 ; 

h
t
= �0 + �1�

2
t−1

+ �h
t−1 

where:𝛼0 > 0, 𝛼1 ≥ 0 and 𝛽 ≥ 0

EGARCH
log

(
h
t

)
= �0 + �1

|||
�
t−1

h
t−1

||| + �2
�
t−1

h
t−1

+ � log
(
h
t−1

)

nGARCH sGARCH gedGARCH nEGARCH sEGARCH gedEGARCH

�0 0.0268*
(1.243e−14)

0.0177*
(2.915e−07)

0.0207*
(4.007e−08)

0.0062*
(7.97e−03)

 − 0.0012 
(3.29e−01)

 − 0.0030
(1.475e−01)

�1 0.1322*
(3.153e−07)

0.1264*
(1.372e−03)

0.1289*
(4.047e−04)

0.1908*
(< 1e−16)

0.1725*
(< 1e−16)

0.1818*
(< 1e−16)

�2 – – –  − 0.1530*
(< 1e−16)

 − 0.1853*
(< 1e−16)

 − 0.1709*
(< 1e−16)

� 0.8442*
(< 1e−16)

0.8610*
(< 1e−16)

0.8543*
(< 1e−16)

0.9657*
(< 1e−16)

0.9716*
(< 1e−16)

0.9694*
(< 1e−16)

� – 5.6232*
(< 1e−16)

1.2422*
(< 1e−16)

– 5.7328*
(< 1e−16)

1.2802*
(< 1e−16)

Log(L)  − 5218.0904  − 5099.2835  − 5089.4934  − 5133.1199  − 5005.9947  − 5014.092
AIC 10,442.1807 10,206.5669 10,186.9867 10,274.2397 10,021.9894 10,038.184
BIC 10,461.0046 10,231.6654 10,212.0852 10,299.3382 10,053.3625 10,069.557
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the indicators of central tendency, i.e., the median and the arithmetic mean, as 
well as those of dispersion, i.e., the standard deviation and the interquartile coef-
ficient, are higher for the case of the market portfolio if compared to the case of 
the ESG portfolio.

Table 10 presents the transition probabilities: those unconditional to the state of 
stability and to the crisis as well as the conditional expected durations to the state of 
stability and to the crisis for the two series of our interest during the period of study.

In the light of the results of the estimation of the Markov-switching EGARCH 
model, the state of stability, which has a probability of transition P11 = 0.99 (i.e., the 
probability of passing from the state of stability to t−1 to that of stability at t), and 
that of crisis, which has a probability of transition P22 = 1 − P21 = 0.99 (i.e., the 
probability of passing from the state of crisis at t − 1 to the crisis one in t), are both 
present for the ESG portfolio “MSCI USA ESG Select” and the market benchmark 
portfolio “S&P 500.” The probability of passing from the state of stability at t − 1 to 
that of crisis at t: P12 = 1 − P11 is a little low for the two portfolios, i.e., 0.002 for 

Table 5  Markov-switching 
GARCH models for the ESG 
portfolio “MSCI USA ESG 
Select”

*Indicates the significance of the coefficient at the statistical thresh-
old of 5%, and (.), the critical probability

MSGARCH 
h
(i)
t

= �
(i)

0
+ �

(i)

1
�2
t−1

+ �(i)h
t−1

where i ∈ {1, 2} and h
t−1 is the independent state of the 

past conditional variance

MS-nGARCH MS-sGARCH MS-gedGARCH

�
(1)

0
0.0042*
(1.087e−02)

0.0022*
(7.923e−03)

0.0108*
(1.121e−05)

�
(2)

0
0.1800*
(1.646e−02)

0.0305*
(3.859e−05)

0.7049*
(1.246e−02)

�
(1)

1
0.0792*
(2.119e−04)

0.0155*
(4.198e−02)

0.0740*
(4.966e−05)

�
(2)

1
0.2195
(1.134e−01)

0.1508
(5.291e−02)

0.1958
(4.425e−01)

�
(1)

1
0.8836*
(< 1e−16)

0.9756*
(< 1e−16)

0.9060*
(< 1e−16)

�
(2)

1
0.7750*
(< 1e−16)

0.8348*
(< 1e−16)

0.8033*
(< 1e−16)

�(1) – 5.2825*
(1.725e−07)

1.4427*
(< 1e−16)

�(2) – 7.7956*
(1.376e−08)

3.3446*
(2.159e−03)

P11 0.7322*
(< 1e−16)

0.9876*
(< 1e−16)

0.9943*
(< 1e−16)

P21 0.9064*
(2.240e−06)

0.0072
(1.886e−01)

0.1896*
(< 1e−16)

Log(L)  − 5043.8106  − 5017.8062  − 5013.3359
AIC 10,103.6213 10,055.6124 10,046.6718
BIC 10,153.8181 10,118.3586 10,109.4179
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the ESG portfolio “MSCI USA ESG Select” and 0.0026 for the market benchmark 
portfolio “S&P 500.” However, the chances for the market portfolio “S&P 500” to 
go from a state of stability to a state of crisis are slightly greater than those of the 
ESG portfolio “MSCI USA ESG Select.”

From the value of the unconditional probability in the state of crisis �2 , we 
see that the proportion of observations that should be in the state of crisis ( �2 ) is 
slightly high for the case of the market portfolio “S&P 500”, i.e., 0.3377, com-
pared to the case of the ESG portfolio “MSCI USA ESG Select”, i.e., 0.3333. In 
other words, for a given sample of the series of ESG portfolio returns, 33.33% of 
observations should be in the state of crisis, while for a given sample of the series 
of returns of the ESG portfolio “MSCI USA ESG Select,” 33.77% of observations 

Table 6  Markov-switching 
EGARCH models for the ESG 
portfolio “MSCI USA ESG 
Select”

*Indicates the significance of the coefficient at the statistical thresh-
old of 5%; and (.): the critical probability

MSEGARCH 
log

(
h
(i)
t

)
= �

(i)

0
+ �

(i)

1

|||
�
t−1

h
t−1

||| + �
(i)

2

�
t−1

h
t−1

+ �(i)log
(
h
t−1

)

where i ∈ {1, 2} and h
t−1 is the independent state of the 

past conditional variance

MS-nEGARCH MS-sEGARCH MS-gedEGARCH

�
(1)

0
 − 0.0252*
(5.352e−05)

 − 0.0519*
(4.552e−04)

 − 0.0489*
(3.025e−06)

�
(2)

0
0.1215*
(5.816e−04)

0.0178*
(3.206e−03)

0.0185*
(9.779e−03)

�
(1)

1
0.1268*
(1.216e−13)

0.1062*
(1.627e−02)

0.1205*
(6.561e−07)

�
(2)

1
0.3077*
(5.534e−05)

0.1561*
(4.421e−08)

0.1631*
(1.042e−06)

�
(1)

2
 − 0.1453*
(< 1e−16)

 − 0.2323*
(< 1e−16)

 − 0.2272*
(< 1e−16)

�
(2)

2
 − 0.1526*
(2.474e−04)

 − 0.1552*
(5.218e−15)

 − 0.1300*
(3.192e−12)

�
(1)

1
0.9795*
(< 1e−16)

0.9223*
(< 1e−16)

0.9204*
(< 1e−16)

�
(2)

1
0.9513*
(< 1e−16)

0.9695*
(< 1e−16)

0.9719*
(< 1e−16)

�(1) – 7.5500*
(5.603e−10)

1.4577*
(< 1e−16)

�(2) – 8.6368*
(1.007e−06)

1.4529*
(< 1e−16)

P11 0.7756*
(< 1e−16)

0.9969*
(< 1e−16)

0.9980*
(< 1e−16)

P21 0.8788*
(6.119e−12)

0.0045*
(4.572e−03)

0.0040*
(1.623e−03)

Log(L)  − 4948.6103  − 4927.9238  − 4932.4238
AIC 9917.2205 9879.8475 9888.8477
BIC 9979.9666 9955.1429 9964.143
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should be in the state of crisis. On the other hand, the value of the unconditional 
probability in the state of stability �1 indicates that the proportion of observations 
that should be in the state of stability is slightly high for the case of the ESG port-
folio “MSCI USA ESG Select,” i.e., 66.67%, compared to the market portfolio 
“S&P 500.” with a proportion equal to 66.23%. These latest results are supported 
by the significant difference that exists between the value of the anticipated dura-
tion conditional on the state of stability ( 1∕1 − P11 ) for the ESG portfolio “MSCI 
USA ESG Select”, i.e., 500, and that of the market portfolio “S&P 500,” equal 
to 384.6154. In other words, we can expect a period of low volatility ( 1∕1 − P11 ) 
almost equal to 12 months (384.6154 days) for the case of the market portfolio 
“S&P 500,” against a period of low volatility more than 16 months (500 days) for 
the ESG portfolio “MSCI USA ESG Select”. For the values   of the expected dura-
tion at the state of crisis ( 1∕1 − P22 ) for the two portfolios, there is no significant 
difference and we can expect a period of high volatility between 6.5 and 8 months 
for the ESG portfolio “MSCI USA ESG Select” (250/30 ≈ 8  months) and the 

Table 7  Markov-switching 
GARCH models for the market 
benchmark portfolio “S&P 500”

*Indicates the significance of the coefficient at the statistical thresh-
old of 5% and (.), the critical probability

MSGARCH 
h
(i)
t

= �
(i)

0
+ �

(i)

1
�2
t−1

+ �(i)h
t−1

where i ∈ {1, 2} and h
t−1 is the independent state of the 

past conditional variance

MS-nGARCH MS-sGARCH MS-gedGARCH

�
(1)

0
0.0041*
(9.413e−03)

0.0015
(5.251e−02)

0.0000
(4.886e−01)

�
(2)

0
0.2583*
(2.216e−03)

0.0292*
(1.141e−05)

7.899e−03*
(1.246e−02)

�
(1)

1
0.0880*
(2.329e−06)

0.0158*
(4.226e−02)

0.1057
(4.910e−01)

�
(2)

1
0.2350
(1.737e−01)

0.1604
(1.150e−01)

0.1637*
(2.079e−02)

�
(1)

1
0.8801*
(< 1e−16)

0.9772*
(< 1e−16)

0.8942*
(< 1e−16)

�
(2)

1
0.7606*
(< 1e−16)

0.8272*
(< 1e−16)

0.7879*
(< 1e−16)

�(1) – 3.7581*
(9.071e−09)

1.7377*
(1.131e−10)

�(2) – 6.7726*
(2.266e−12)

1.0007*
(< 1e−16)

P11 0.8416*
(< 1e−16)

0.9885*
(< 1e−16)

0.3421*
(2.367e−02)

P21 0.7911*
(< 1e−16)

0.0045
(2.895e−01)

0.7564*
(2.604e−03)

Log(L)  − 5115.1122  − 5082.7914  − 5078.1935
AIC 10,246.2243 10,185.5827 10,176.387
BIC 10,296.4212 10,248.3288 10,239.1331



20 A. Ouchen 

market portfolio “S&P500” (196.0784/30 ≈ 6.5 months). All in all, we can con-
clude that the ESG portfolio “MSCI USA ESG Select,” in which daily return 
series follows a Markov-switching EGARCH process, is less turbulent compared 
to the market portfolio “S&P500.”

It is worth noting that when the COVID19 crisis is excluded from the study 
period, the turbulence of the market benchmark portfolio compared to the ESG 
portfolio “MSCI USA ESG Select” becomes evident. Tables  11 and 12 in the 
Appendix display the results of the estimation of the Markov-switching “GARCH 
and EGARCH” models for the ESG portfolio “MSCI USA ESG Select” and for 
the market benchmark portfolio “S&P500,” during the study period excluding the 
COVID19 crisis and from June 1, 2005 to October 29, 2019. Taking into account the 
results of the test of individual significance of the coefficients and the information 

Table 8  Markov-switching 
EGARCH models for the market 
benchmark portfolio “S&P 500”

*Indicates the significance of the coefficient at the statistical thresh-
old of 5% and (.), the critical probability

MSEGARCH 
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+ �(i)log
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h
t−1

)

where i ∈ {1, 2} and h
t−1 is the independent state of the 

past conditional variance

MS-nEGARCH MS-sEGARCH MS-gedEGARCH

�
(1)

0
 − 0.0248*
(7.915e−07)

 − 0.0504*
(< 1e−16)

 − 0.0472*
(1.846e−04)

�
(2)

0
0.1382*
(2.170e−05)

0.0028*
(< 1e−16)

0.0263*
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�
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0.1009*
(3.088e−13)
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(< 1e−16)

0.0995*
(3.326e−06)

�
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0.3330*
(9.371e−07)

0.1620*
(< 1e−16)
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�
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2
 − 0.1602*
(< 1e−16)

 − 0.3957*
(< 1e−16)

 − 0.2687*
(< 1e−16)

�
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2
 − 0.1864*
(8.226e−06)

 − 0.1381*
(< 1e−16)

 − 0.1492*
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�
(1)

1
0.9827*
(< 1e−16)
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(< 1e−16)
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(< 1e−16)

�
(2)

1
0.9434*
(< 1e−16)

0.9840*
(< 1e−16)
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�(1)  − 9.2613*
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1.3725*
(< 1e−16)
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1.3761*
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P11 0.7737*
(< 1e−16)

0.9937*
(< 1e−16)

0.9974*
(< 1e−16)

P21 0.7971*
(< 1e−16)

0.0046*
(< 1e−16)

0.0051*
(2.408e−04)

Log(L)  − 5000.7884  − 4969.771  − 4977.9909
AIC 10,021.5769 9963.5421 9979.9818
BIC 10,084.323 10,038.8374 10,055.2771
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criteria (AIC, BIC and Log(L)), the Markov-switching GARCH model, with a con-
ditional distribution GED, and the Markov-switching EGARCH model, with a nor-
mal conditional distribution, prove to be adequate to model, respectively, the condi-
tional volatility for the ESG portfolio “MSCI USA ESG Select” and the conditional 
volatility for the market benchmark portfolio “S&P 500.”

Figure 3 in Appendix illustrates the graphical representations of the conditional 
volatilities estimated by the models indicated above, during the period excluding the 
COVID19 crisis (2005–2019), for the two series of our interest: RMSCIESG and 
RS&P500. Based on the results displayed in Figure  3, we can see that the range 
(maximum–minimum) is very large for the case of the market benchmark portfolio 
“S&P 500” compared to the case of the ESG portfolio “MSCI USA ESG Select.” 
This observation demonstrates that the ESG portfolio is less volatile than that of 

*GARCH models, with a conditional distribution GED 

*Markov-switching EGARCH models, with a conditional distribution GED

Vol.MSCIESG                     *Vol.S&P500 *

*Vol.MSCIESG                     *Vol.S&P500 
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Fig. 2  Conditional volatility



23Is the ESG portfolio less turbulent than a market benchmark…

the market. The conditional volatilities of the two portfolios of our interest recorded 
increases during the international financial crisis 2007–2009 and the sovereign debt 
crisis in 2011. Table 13 in Appendix gives the values   of certain indicators of posi-
tion and central tendency, and of dispersion of conditional volatilities estimated by 
the two used models. Likewise, during the study period excluding the COVID19 
crisis (2005–2019), the achieved results show that the ESG portfolio is less volatile 
than the market one. Indeed, the extent of conditional volatility for the case of the 
ESG portfolio is lower than that of conditional volatility for the case of the market 
portfolio, and the indicators of central tendency as well as those of dispersion are 
high for the case of the market portfolio compared to the case of the ESG portfolio.

Table 14 in Appendix shows the transition probabilities, those unconditional to 
the state of stability, and to that of crisis as well as the conditional expected dura-
tions to the state of stability and that of crisis for the two series of our interest during 
the period of study excluding the COVID19 crisis (2005–2019). In the light of the 
results of the estimation of the Markov-switching GARCH model, the state of stabil-
ity, which has a probability of transition P11 = 0.99 , is more present compared to 
that of crisis, which has a probability of transition P22 = 1 − P21 = 0.39 for the case 
of the ESG portfolio “MSCI USA ESG Select” (Table 14 in Appendix). Whereas, 
according to the results of the Markov-switching EGARCH model  (Table  14 in 
Appendix), these two probabilities are almost equal for the case of the market port-
folio “S&P 500” (i.e. P11 = 0.99 and P22 = 0.98 ). From these two probabilities, we 
presume, on the one hand, the probability of passing from the state of stability at 
t − 1 to that of crisis at t: P12 = 1 − P11 which is slightly low for the two portfolios, 
i.e., 0.008 for the ESG portfolio “MSCI USA ESG Select” and 0.007 for the market 
portfolio “S&P 500,” and on the other hand, the probability of going from the state 
of crisis in t − 1 to that of stability in t: P21 = 1 − P22 which is somewhat important 
for the ESG portfolio “MSCI USA ESG Select,” i.e., 0.6096, but extremely low for 
the case of the market portfolio “S&P 500,” i.e., 0.0155. In other words, the chances 
for the ESG portfolio “MSCI USA ESG Select” to go from a state of crisis to that 

Table 10  Transition probabilities, unconditional probabilities, and conditional anticipated duration

Transition probabilities, unconditional probabilities, and 
conditional anticipated duration

ESG portfolio 
“MSCI USA ESG 
Select”

Market benchmark 
portfolio “S&P 500”

P11 0.998 0.9974
P22 = 1 − P21 0.996 0.9949
P12 = 1 − P11 0.002 0.0026
P21 0.004 0.0051

�1 =
1−P22

2−P22−P11

0.6667 0.6623

�2 =
1−P11

2−P22−P11

0.3333 0.3377

Anticipated duration conditional on the state of cri-
sis = 1∕1 − P22

250.0000 196.0784

Anticipated duration conditional on the state of stabil-
ity = 1∕1 − P11

500.0000 384.6154
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of stability are far greater than those of the market portfolio “S&P 500”. From the 
value of the unconditional probability in the state of crisis �2 , we see that the pro-
portion of observations that should be in the state of crisis ( �2 ) is high for the case 
of the market portfolio “S&P 500,” i.e., 0.3111, compared to the case of the ESG 
portfolio “MSCI USA ESG Select,” i.e., 0.0131. In other words, for a given sample 
of the series of ESG portfolio returns, only 1.31% of observations should be in the 
state of crisis, while for a given sample of the series of the ESG portfolio’s returns 
“MSCI USA ESG Select,” 31.11% of observations should be in the state of crisis. 
On the other hand, the value of the unconditional probability in the state of stability 
�1 indicates that the proportion of observations that should be in the state of stabil-
ity is very high for the case of the ESG portfolio “MSCI USA ESG Select,” i.e., 
98.69%, compared to the market benchmark portfolio “S&P 500,” with a propor-
tion equal to 68.89%. These latest results are supported by the significant difference 
that exists between the value of the anticipated duration conditional on the state of 
crisis ( 1∕1 − P22 ) for the ESG portfolio “MSCI USA ESG Select”, i.e., 1.6404, and 
that of the market portfolio “S&P 500,” equal to 64.5161. In other words, we can 
expect a period of high volatility ( 1∕1 − P22 ) of more than 2 months (64.5161 days) 
for the case of the market portfolio “S&P 500,” against a period of high volatility 
less than 2 days (1.6404 days) for the ESG portfolio “MSCI USA ESG Select.” For 
the values   of the expected duration at the stable state ( 1∕1 − P11 ) for the two portfo-
lios, there is no significant difference, and we can expect a period of low volatility 
equal to 4 months for the ESG portfolio “MSCI USA ESG Select” (123.4568 / 30 
≈ 4 months) and the market portfolio “S&P 500” (142.8571 / 30 ≈ 4 months). In 
conclusion, we can say that the ESG portfolio “MSCI USA ESG Select,” in which 
daily return series follows a Markov-switching GARCH process, is less turbulent 
compared to the market portfolio “S&P 500.”

Discussion

If we take into account the constituents of each portfolio, we can explain this 
relative resilience to crises of the ESG portfolio “MSCI USA ESG Select” com-
pared to the market benchmark portfolio “S&P 500,” during the two periods of the 
2005–2019 study and 2005–2020, by the proportion of companies in the technology 
sector in each portfolio and that of the energy sector (excluding renewable energy). 
In fact, nearly 29% of the assets of the ESG portfolio “MSCI USA ESG Select” are 
devoted to technology, compared to 25% in the market benchmark portfolio “S&P 
500.” The performance of the ESG portfolio “MSCI USA ESG Select” is boosted 
by Apple, the cloud software publisher Salesforce.com and graphics chip designer 
Nvidia, all of which have skyrocketed recently. It should also be noted that the 
ESG portfolio “MSCI USA ESG Select” holds less financial stocks than the mar-
ket benchmark portfolio “S&P 500.” During the period, when the study has been 
conducted, these financial stocks were, just after energy stocks, among the worst 
performing. The energy sector has been the most volatile of all market sectors over 
the past decade, with a standard deviation exceeding 20%, due to rapid changes in 
oil prices. This sector is under-represented in the ESG portfolio “MSCI USA ESG 
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Select” compared to the market benchmark portfolio “S&P 500.” For example, the 
ESG portfolio “MSCI USA ESG Select” excludes one of the major oil producers, 
i.e., Exxon Mobil. Indeed, companies with poor ESG profiles, measured by higher 
carbon emissions, present a higher extreme risk (Ilhan et al. 2019). However, stocks 
in the renewable energy sector, such as Sunrun Inc. and SolarEdge Technologies 
Inc., have recently witnessed strong performances and have largely outperformed 
technology winners, such as Amazon, Apple, and Facebook. In addition, we can 
refer to the decrease in the significance of the ESG portfolio performance “MSCI 
USA ESG Select” compared to the market benchmark portfolio “S&P 500” dur-
ing the period 2005–2020 (including the COVID19 crisis) compared to the period 
2005–2019 (excluding the COVID19 crisis) to the performance of certain large 
companies excluded from the ESG portfolio “MSCI USA ESG Select,” such 
as Amazon and Netflix, which emerged stronger during the health crisis. Indeed, 
during the COVID19 crisis, Alphabet (Google), Amazon, Facebook, Apple, and 
Microsoft, in other words the Gafam, to which we add the champion of streaming 
films and series, Netflix, achieved brilliant stock market performances. Amazon is 
excluded from the ESG portfolio “MSCI USA ESG Select” due to poor working 
conditions. Due to poor governance measures and lack of reporting, the ESG portfo-
lio “MSCI USA ESG Select” also excludes Berkshire Hathaway and Netflix, which 
are part of the market benchmark portfolio “S&P 500” and can significantly affect a 
portfolio’s performance.

In the study period 2005–2019 which takes into account the global financial crisis 
of 2008–2009 and the sovereign debt crisis in 2011, we see that the ESG portfo-
lio “MSCI USA ESG Select” becomes less turbulent than the market benchmark 
portfolio “S&P 500.” This result coincides with that found by Lins et  al. (2017). 
They found that US non-financial companies with high ESG scores outperformed 
other companies during the 2008–2009 global financial crisis period (Broadstock 
et al. 2020). While when we extend the period of the study and we take into account 
the crisis of the COVID19 pandemic, that is to say the period 2005–2020, the degree 
of turbulence of the market benchmark portfolio “S&P 500” by compared to the 
ESG portfolio “MSCI USA ESG Select” becomes a little attenuated compared to 
the period 2005–2019. This result is supported by that of the research by Broad-
stock et al. (2020) examining the role of ESG performance during the crisis of the 
COVID19 pandemic. These authors use a dataset covering China’s CSI 300 com-
ponents. They find modest evidence to suggest that higher ESG companies exhibit 
lower price volatility during the COVID19 period. In their research on identifying 
factors affecting the Japanese stock market during the COVID19 pandemic period, 
Hartzmark and Sussman (2019) conclude that, in terms of ESG engagement, there 
is no evidence that companies that score highly rated ESGs have higher abnormal 
returns, but companies with ESG funds outperform those without. Takahashi and 
Yamada (2020) offer mixed evidence on the relationship between ESG and stock 
market performance in Japan during COVID19. Although they find that ESG ratings 
do not influence stock returns, they find evidence of a nonlinear relationship between 
stock performance and the level of investment in companies by ESG-oriented funds.

However, we can conclude that, in sum, the ESG portfolio “MSCI USA ESG 
Select” is relatively more resilient to crises compared to the market benchmark 



26 A. Ouchen 

portfolio “S&P 500” on the basis of the results obtained during the two periods of 
the study 2005–2019 and 2005–2020. This conclusion is supported by the results 
of the study by Broadstock et al. (2020). By breaking down their study sample into 
high ESG and low ESG companies, these authors find that both sub-samples expe-
rience increased business activity, especially among low ESG companies. Indeed, 
investors engaged in companies with high ESG are more patient and do not sell 
their shares in order to avoid losses during the crisis period. They find that the high 
ESG portfolio remains consistently higher than that of the low ESG group, espe-
cially in the non-COVID19 period, with a cumulative differential return for the two 
groups of around 12.83% over the July 2017–December period. 2019 (excluding the 
COVID19 period), and 9.4% for the entire period (including the COVID19 crisis). 
These figures indicate that, in sum, an investment strategy based on neutral ESG 
in the industry allows an investor to obtain significantly higher returns in the Chi-
nese market (Broadstock et al. 2020). Based on 1712 engagements in 573 targeted 
companies around the world over the period 2005 to 2018, Hoepner et  al. (2019) 
find empirical evidence that engagement on ESG issues reduces downside risk. In 
their meta-analysis of the results of around 2200 studies on the relationship between 
ESG criteria and the corporate financial performance (CFP), Fried et al. (2015) con-
clude that around 90% of studies find a non-negative ESG—CFP relationship, the 
vast majority of studies report positive results and the positive ESG impact on CFP 
seems stable over time. Ilhan et al. (2019) show that companies with poor ESG pro-
files, as measured by higher carbon emissions, are at higher extreme risk. In their 
comparative study between ESG portfolios and other conventional ones, Jain et al. 
(2019) conclude that over a period of 5 years, the ESG portfolio “US large-cap ESG 
index” offers the highest return of all benchmarks on average. They find the ESG 
portfolio to be a favorable investment option, offering the highest return with a suit-
able level of risk.

Conclusion

Having grown considerably in recent years, responsible investing uses three 
approaches, i.e., the exclusion approach, that of integrative investment, and that of 
impact investing, in order to maximize exposure to factors. Positive ESG while pre-
senting risk and return characteristics similar to those of the market portfolio. In 
this research, we were interested in the case of the ESG portfolio “MSCI USA ESG 
Select” which takes into consideration companies with high ESG scores in different 
sectors. Relative to the parent index, the ESG portfolio “MSCI USA ESG Select” 
tends to overweight companies with higher ESG ratings and underweight companies 
with lower ratings. It uses company ratings and research provided by the three prod-
ucts of “MSCI ESG Research,” i.e., “MSCI ESG Ratings,” “MSCI ESG Controver-
sies Score,” and “MSCI ESG Business Involvement Screening Research.” It is sub-
ject to quarterly reviews based on ESG scores and also takes into account the events 
of additions to the parent index, spin-offs, mergers, and acquisitions and changes in 
the characteristics of the stock.
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In this article, we have tried to identify the process of the daily return series of 
the ESG portfolio “MSCI USA ESG Select” as well as that of the daily return series 
of the market benchmark portfolio “S&P 500.” The aim is to verify that an ESG 
portfolio is less turbulent than a market portfolio. We, thus, used the “GARCH and 
EGARCH” models and the Markov-switching “GARCH and EGARCH” models to 
model the series of daily returns of the ESG portfolio “MSCI USA ESG Select” 
and that of the daily returns of the market benchmark portfolio “S&P 500,” during 
the period from June 01, 2005 to December 31, 2020 as well as that excluding the 
COVID19 crisis and from June 1, 2005 to October 29, 2019. The graphical exami-
nation of our variables of interest and the unit root tests show that the daily prices 
of the ESG portfolio “MSCI USA ESG Select” and of the market benchmark port-
folio “S&P 500” are not stationary I(1), whereas the series daily returns of the 
same portfolios are stationary and, thus, are I(0). We also found that the series of 
daily returns of the ESG portfolio “MSCI USA ESG Select” is also characterized 
by the stylized facts well known and observed in financial time series, such as the 
series of daily returns of the market benchmark portfolio “S&P 500.” There is then 
a nonlinearity indicating lower volatility after a rise than after a fall in returns, a 
high probability of occurrence of extreme points as well as non-normality for the 
series of daily returns of the ESG portfolio “MSCI USA ESG Select.” Therefore, 
the Markov-switching “GARCH and EGARCH” models are estimated by the max-
imum likelihood method. According to the graphical representations as well as the 
statistical indicators of the conditional volatilities estimated by the models used, 
during the period from June 01, 2005 to December 31, 2020 as well as that exclud-
ing the COVID19 crisis and from June 1, 2005 to October 29, 2019, for the two 
series of our interest: RMSCIESG and RS&P500, we can see on the one hand that 
the extent of conditional volatility for the case of the ESG portfolio is lower than 
that of conditional volatility for the case of the market portfolio, and on the other 
hand, that the indicators of central tendency, i.e., the median and the arithmetic 
mean, as well as those of dispersion, i.e., the standard deviation and the interquar-
tile coefficient, are high for the case of the portfolio market compared to the case 
of the ESG portfolio.

In the light of the results of the Markov-switching “GARCH and EGARCH” 
models estimated, the values   of the transition probabilities, the anticipated duration 
conditional on the state of stability and the anticipated duration conditional on the 
state of crisis for the ESG portfolio “MSCI USA ESG Select” and the market bench-
mark portfolio “S&P500”, during the period 2005–2019 (excluding the crisis of the 
COVID19 pandemic) and that of 2005–2020 (including the crisis of the COVID19 
pandemic), we can conclude that the ESG portfolio “MSCI USA ESG Select” is rel-
atively resilient to crises and less volatile compared to the market benchmark port-
folio “S&P 500.” This resilience is more evident during the 2005–2019 study period 
excluding the COVID19 pandemic crisis compared to the 2005–2020 study period 
including the COVID19 pandemic crisis.

In conclusion, it is true that there is no consensus on the positive impact of ESG 
investment on its performance, and the published results highlight both positive and 
negative impacts (Broadstock et al. 2020; Brunet 2019; Giese and Lee 2019). None-
theless, the results of our research coincide with those of some research work that 
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supports the positive impact of ESG investment on performance and risk reduction 
(Anson et al. 2020; Broadstock et al. 2020; Chen and Mussalli 2020; Friede et al. 2015; 
Hoepner et al. 2019; Ilhan et al. 2019; Jain et al. 2019; Kim et al. 2014; Lins et al. 
2017; Litterman 2017), and it can be concluded that the ESG portfolio “MSCI USA 
ESG Select,” in which series of daily returns follows a Markov-switching EGARCH 
process, is less turbulent compared to the market benchmark portfolio “S&P 500.”

Appendix

Results of the estimation of the Markov-switching “GARCH and EGARCH” models 
for the ESG portfolio “MSCI USA ESG Select” and the market benchmark portfolio 
“S&P 500,” during the study period excluding the COVID19 crisis and from June 1, 
2005 to October 29, 2019 (Tables 11, 12, 13, 14; Fig. 3).

Table 11  Markov-switching 
GARCH models for the ESG 
portfolio “MSCI USA ESG 
Select”

* Indicates the significance of the coefficient at the statistical thresh-
old of 5%; and (.): the critical probability

MSGARCH 
h
(i)
t

= �
(i)

0
+ �

(i)

1
�2
t−1

+ �(i)h
t−1

where: i ∈ {1, 2} and h
t−1 is the independent state of the 

past conditional variance

MS-nGARCH MS-sGARCH MS-gedGARCH

�
(1)

0
0.0029*
(2.328e−02)

0.0025*
(2.579e−02)

0.0099*
(< 1e−16)

�
(2)

0
0.1607*
(1.258e−02)

0.0288*
(5.669e−03)

1.1325*
(< 1e−16)

�
(1)

1
0.0687*
(1.029e−03)

0.0096**
(5.604e−02)

0.0857*
(< 1e−16)

�
(2)

1
0.2074
(1.166e−01)

0.1137
(2.726e−01)

0.2394*
(< 1e−16)

�
(1)

1
0.9013*
(< 1e−16)

0.9791*
(< 1e−16)

0.8987*
(< 1e−16)

�
(2)

1
0.7853*
(< 1e−16)

0.8787*
(< 1e−16)

0.6874*
(< 1e−16)

�(1) – 5.5841*
(2.585e−04)

1.4382*
(< 1e−16)

�(2) – 9.7034*
(3.214e−03)

19.3405*
(< 1e−16)

P11 0.7311*
(< 1e−16)

0.9789*
(< 1e−16)

0.9919*
(< 1e−16)

P21 0.9196*
(2.796e−05)

0.0196
(2.012e−01)

0.6096*
(< 1e−16)

Log(L)  − 4567.6434  − 4546.3502  − 4540.7488
AIC 9151.2869 9112.7005 9101.4977
BIC 9200.8561 9174.6621 9163.4593
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Table 12  Markov-switching 
EGARCH models for the market 
benchmark portfolio “S&P 500”

* Indicates the significance of the coefficient at the statistical thresh-
old of 5%; and (.): the critical probability

MSEGARCH 
log

(
h
(i)
t

)
= �

(i)

0
+ �

(i)

1

|||
�
t−1

h
t−1

||| + �
(i)

2

�
t−1

h
t−1

+ �(i)log
(
h
t−1

)

where i ∈ {1, 2} and h
t−1 is the independent state of the 

past conditional variance

MS-nEGARCH MS-sEGARCH MS-gedEGARCH

�
(1)

0
 − 0.0545*
(1.319e−03)

 − 0.0502*
(1.226e−04)

 − 0.0540*
(3.605e−05)

�
(2)

0
0.0308*
(1.882e−06)

 − 0.0009
(3.421e−01)

 − 0.0015
(2.711e−01)

�
(1)

1
0.1031*
(9.916e−07)

0.0831*
(1.130e−02)

0.0807*
(2.305e−02)

�
(2)

1
0.0766*
(4.515e−04)

0.0860*
(8.613e−06)

0.0818*
(2.701e−05)

�
(1)

2
 − 0.2583*
(< 1e−16)

 − 0.3488*
(< 1e−16)

 − 0.3385
(< 1e−16)

�
(2)

2
 − 0.1603*
(6.628e−14)

 − 0.1461*
(< 1e−16)

 − 0.1402
(1.266e−14)

�
(1)

1
0.9207*
(< 1e−16)

0.8809*
(< 1e−16)

0.8792*
(< 1e−16)

�
(2)

1
0.9647*
(< 1e−16)

0.9903*
(< 1e−16)

0.9891*
(< 1e−16)

�(1) – 8.4118*
(3.465e−05)

1.4522*
(< 1e−16)

�(2) – 5.6393*
(3.311e−11)

1.2884*
(< 1e−16)

P11 0.9930*
(< 1e−16)

0.9941*
(< 1e−16)

0.9939*
(< 1e−16)

P21 0.0155*
(2.824e−09)

0.0056*
(3.153e−02)

0.0061*
(2.336e−02)

Log(L)  − 4554.8145  − 4495.351  − 4495.7327
AIC 9129.629 9014.702 9015.4653
BIC 9191.5907 9089.0559 9089.8193
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*Vol.MSCIESG *Vol.S&P500

Fig. 3  Conditional volatility

Table 13  Statistical indicators of conditional volatility for the ESG portfolio “MSCI USA ESG Select” 
and the market benchmark portfolio “S&P 500”

Min 1st Qu Median Mean 3rd Qu Max Std. Dev Interquar-
tile coef-
ficient

Vol.MSCIESG 6.984 10.123 12.441 15.043 16.996 71.516 8.2389 0.5524
Vol.S&P500 5.078 9.105 12.637 15.371 19.064 73.989 8.9092 0.7881

Table 14  Transition probabilities, unconditional probabilities and conditional anticipated duration

Transition probabilities, unconditional probabilities and 
conditional anticipated duration

ESG portfolio 
“MSCI USA ESG 
Select”

Market benchmark 
portfolio “S&P 500”

P11 0.9919 0.9930
P22 = 1 − P21 0.3904 0.9845
P12 = 1 − P11 0.0081 0.007
P21 0.6096 0.0155

�1 =
1−P22

2−P22−P11

0.9869 0.6889

�2 =
1−P11

2−P22−P11

0.0131 0.3111

Anticipated duration conditional on the state  
of crisis = 1∕1 − P22

1.6404 64.5161

Anticipated duration conditional on the state  
of stability = 1∕1 − P11

123.4568 142.8571
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