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a b s t r a c t

This paper examines the diversification role of socially responsible investments (SRI)
during the COVID-19 pandemic. To assess the contribution to risk diversification and
improved financial performance of SRI we analyze the effect of including clean energy
equities in portfolios of conventional equities and other assets commonly considered
as safe havens. We construct minimum variance portfolios for different rebalancing
frequencies and by considering or restricting short positions. Two approaches are
applied: AR-GARCH models to fit the marginal distributions of individual assets and
DCC skew Student copula specifications to model the conditional dependencies among
pairs via the Kendall’s tau correlation measure. We provide evidence of the important
role that SRI have played in diversifying and improving the financial performance of
portfolios based on different securities such as traditional equities, Treasury bonds, gold,
crude oil and Bitcoin.

© 2022 Economic Society of Australia, Queensland. Published by Elsevier B.V. This is an
open access article under the CC BY-NC-ND license

(http://creativecommons.org/licenses/by-nc-nd/4.0/).

1. Introduction

The field of socially responsible investments (SRI), which incorporates environmental, social, and governance (ESG)
onsiderations beyond simply financial ones, in the study, analysis, and allocation of securities, has grown exponentially
ver the last years, driven by demand from institutional and retail investors, and regulatory pressure. The global crisis
aused by the COVID-19 pandemic has brought to the fore the enormous vulnerability of economies worldwide and has
einforced the relevance of SRI in the transition towards a more balanced economy and society. Actually, sustainable
nvesting has seen a significant increase since the pandemic outbreak in 2020. According to Morningstar, US sustainable
unds gathered $51.1 billion of net inflows in 2020 and a record of $69.2 billion in 2021, more than double and triple,
espectively, the inflows of $21.4 billion in 2019. Furthermore, investors poured $45.6 billion into ESG funds globally in the
irst quarter of 2020, which sharply contrasts with global outflows of $384.7 billion for the overall fund universe. Growing

✩ This work was supported by Ministerio de Economía, Industria y Competitividad (ECO2017-89715-P), Universidad de Castilla-La Mancha 2020-
GRIN-28832, co-financed with FEDER funds) and Excma. Diputación Provincial de Albacete – UCLM (DIPUAB-2021-4, Proyectos de I + D + i para
jóvenes investigadores 2021).

∗ Corresponding author.
E-mail addresses: antonio.diaz@uclm.es (A. Díaz), carlos.esparcia@uclm.es (C. Esparcia), Raquel.Lopez@uclm.es (R. López).
https://doi.org/10.1016/j.eap.2022.05.001
0313-5926/© 2022 Economic Society of Australia, Queensland. Published by Elsevier B.V. This is an open access article under the CC BY-NC-ND
license (http://creativecommons.org/licenses/by-nc-nd/4.0/).

https://doi.org/10.1016/j.eap.2022.05.001
http://www.elsevier.com/locate/eap
http://www.elsevier.com/locate/eap
http://crossmark.crossref.org/dialog/?doi=10.1016/j.eap.2022.05.001&domain=pdf
http://creativecommons.org/licenses/by-nc-nd/4.0/
https://www.sciencedirect.com/science/article/pii/S1059056020301994#gs1
mailto:antonio.diaz@uclm.es
mailto:carlos.esparcia@uclm.es
mailto:Raquel.Lopez@uclm.es
https://doi.org/10.1016/j.eap.2022.05.001
http://creativecommons.org/licenses/by-nc-nd/4.0/


A. Díaz, C. Esparcia and R. López Economic Analysis and Policy 75 (2022) 39–60

c
i

t
t
e
o
2
o
T
p
o
w
(
e
s
p

p
Y
E
a
p
a
r
w
f
H
w
T
S
l
p
p
M
e
r

o
s
p
g
i
b
r
D
S
G

umulative flows in sustainable funds evidence the higher resilience of SRI during the COVID-19 crisis in comparison to
ts conventional counterpart.

In times of financial instability such as the associated with the onset of the COVID-19 pandemic, investors need
o thoroughly evaluate different strategies that can help minimize risks and improve their overall performance. The
erm diversification then comes into play. Broadly speaking, diversification enables investors to reduce their overall risk
xposure by combining financial assets that have a weakly positive correlation on average so that potential losses in
ne asset can be (at least partially) offset by gains in other asset classes (Grauer and Shen, 2000; Joost and Laeven,
007). In the case of an asset that is uncorrelated or negatively correlated with another asset or portfolio in periods
f economic downturns or crisis, it becomes a so-called safe haven (Baur and McDermott, 2010; Baur and Lucey, 2010).1
raditionally considered safe havens, such as gold and crude oil, or potential new safe havens, such as Bitcoin, have
erformed differently over the course of the COVID-19 crisis. Diverse studies reveal that crude oil is not making as much
f a dent in risk mitigation as originally expected (Conlon and McGee, 2020; Corbet et al., 2020b; Sharif et al., 2020),
hereas cryptocurrencies are still too risky due to their high intrinsic volatility to be effectively considered a safe haven
Kristoufek, 2013; Li and Wang, 2017). Thus, relevant and updated studies in the field of financial allocation, such as Ji
t al. (2020), consider that the concept of safe haven securities should be re-evaluated and perhaps, disruptive assets
uch as those that meet ESG criteria – which appear to be performing better and exhibiting low risk exposure during the
andemic2 – should be considered.
Despite the higher resilience of SRI during the COVID-19 crisis both in terms of demand and performance, the hedging

roperties of ESG assets have been explored only marginally (Ferrer et al., 2018; Arif et al., 2021; Sharma et al., 2022;
ousaf et al., 2022). Moreover, most of the existing studies restrict their analysis at the identification of the potential role of
SG securities as diversifiers or hedges without quantifying the diversification and hedging benefits of ESG investments
gainst conventional investments through risk management analysis and portfolio performance assessment. Thus, the
resent paper extends the previous literature by raising two research questions. First, to what extent has ESG investing
cted as a diversifier, a hedge or even as a safe haven since the COVID-19 outbreak? Second, beyond contributing to risk
eduction, does the performance of conventional assets and potential safe haven assets improve when they are combined
ith ESG securities? To account for the performance of ESG and conventional investments, recent literature uses mutual

unds or stock/fixed-income indices (Elie et al., 2019; Dutta et al., 2020; Broadstock et al., 2021; Tareq et al., 2021).
owever, since the use of exchange-traded-funds (ETFs) offers several advantages, to address our research questions
e rely on daily data for six ETFs linked to different assets over the period 2019–2021.3 First, traditional equities and
reasury bonds are used as proxies for conventional investments in the equity and fixed-income markets, respectively.
econd, gold, oil and cryptocurrencies are employed to track the performance of traditionally considered safe havens or, at
east, hedges. Third, from the wide ESG investment spectrum, the target investor in this research is one with investment
references towards the equity market and involved with environmental concerns. Thus, we focus on green equities.4 In
articular, as we analyze the Environmental component of the ESG label, we consider the ETF with one of the highest
SCI ESG scores (7.61 in 2019) among those with a ‘‘Leader’’ tag based on MSCI ESG ranking as a proxy for the clean
nergy equity market. This score considers the categories of sustainable impact solutions, carbon intensity, and green
evenues.

To achieve the goal of this study, our methodological approach consists of examining the dynamic correlation behavior
f optimal portfolios of considered alternative assets when ESG assets are incorporated. Using novel and particularly
uitable techniques, we examine the significant ability of SRI to diversify and improve the performance of different
ortfolios in which clean energy equities are combined with either conventional equities, conventional Treasury bonds,
old, crude oil, or Bitcoin. The left tail of the return distribution is the focus of these techniques, which are essential for
nferring diversification and safe haven implications. In concrete terms, we apply different frequency portfolio rebalancing
ased on the minimum variance optimization method, allowing us to evaluate the ESG results both in terms of risk and
eturn during the pandemic period. In order to model the conditional co-moments between each pair of asset returns, a
CC skew Student copula is used to fit the time-varying covariance matrix. Unlike other correlation approaches, this
tudent copula gives an overall view and characterization of the joint distribution. The marginals follow a standard
ARCH (1,1) model under the assumption of skew Student’s t distributions, which is mainly selected for the widely

proven high convergence properties of the model and the good fit of this theoretical distribution to leptokurtic and left
skewed empirical distributions, like those of financial series. A sufficiently consistent period to make GARCH and copula

1 Alternatively, a strong (weak) hedge is an asset that is negatively correlated on average (uncorrelated) with the other asset but does not
necessarily reduce losses in extreme market conditions.
2 https://www.jpmorgan.com/insights/research/build-back-better-esg-investing
3 On the one hand, unlike ETF shares, open-end fund shares are not traded on an exchange and, hence, cannot be bought and sold continuously

through the trading day at market prices. Additionally, Pavlova and de Boyrie (2022) argue that ETFs not only provide higher transparency and
flexibility to all day trading than conventional open-end funds, but also often have lower costs and provide higher tax-efficiency. The stock indices,
on the other hand, cannot be directly invested in.
4 Based on the EU Taxonomy, environmentally sustainable economic activities are those that make a substantial contribution to or do no significant

harm to any of the six EU environmental objectives, namely, climate change mitigation, climate change adaptation, sustainable use and protection
of water and marine resources, transition to a circular economy, pollution prevention and control, and protection and restoration of biodiversity and
ecosystems.
40
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stimates is analyzed, including a first part of relative calm in the markets corresponding to 2019, and a second subperiod
haracterized by the pandemic spanning from 2020 to 2021.
Initial results for the time-varying volatilities and Dependences among security pairs indicate high volatility for

ndividual assets and strong evidence of interdependence among assets during the early stages of the pandemic. However,
n subsequent shocks of the crisis, the correlation between clean energy equities and considered assets is much lower. This
rovides diversifying evidence in favor of SRI. As a result of the portfolio rebalancing exercise, we observe that overall, the
ctive management of ESG portfolios yields higher performance than the passive investment in single securities. In other
ords, SRI provide a hedge for most of the single asset classes and improves the risk-return relationship of individual

nvestments. In light of these findings, it appears that SRI have the potential to reduce risk, as well as increase portfolio
erformance during times of crisis, such as the recent pandemic caused by the SARS-CoV-2 virus.
The present work makes several contributions to the existing literature. First, a number of existing studies investi-

ate the diversifying properties of clean energy equities when they are combined with dirty energy equities or with
unds/indices that track the performance of the overall equity market (Ferrer et al., 2018; Arif et al., 2021; Kuang, 2021;
areq et al., 2021). Unlike the previous literature, we assess the performance of single investments in conventional equities
nd Treasury bonds and in commonly considered safe haven assets (i.e., gold, crude oil and cryptocurrencies) against
ortfolios including ESG assets. Thus, our approach allows one to compare the performance of the active management of
ach ESG portfolio against (1) the passive strategy of investing in the corresponding asset and holding this position (2) the
ctive management of a set of competing ESG portfolios that involve very diverse asset classes from the equity, Treasury,
ommodity and cryptocurrency markets. Second, studies on the performance of ESG assets mostly rely on the widely
mployed Sharpe ratio (Alexopoulos, 2018; Omura et al., 2021; Yousaf et al., 2022), whereas we assess the performance
f our different investment strategies by employing downside risk performance measures in addition to the former. The
dvantage of the downside risk performance measures over the Sharpe ratio is that the returns are not adjusted by the
tandard deviation, which considers both negative and positive deviations from the mean return, but by the negative
eviations of returns from a minimal acceptable return or threshold. Third, most of the literature examines whether
SG assets exhibit diversifying or hedging features based on the analysis of their dependence or correlation with other
sset classes through different methodological approaches (Elie et al., 2019; Dutta et al., 2020; Umar et al., 2020; Tareq
t al., 2021). Thus, these studies merely report on the potential ability of ESG assets to act as a diversifier or a hedge
hen there exists evidence of low positive correlation or no significant correlation with other assets. However, results

n the present study, which goes beyond correlation analysis, reveal that ESG-diversified portfolios outperform passive
nvestments in individual assets, thus indicating the benefits of hedges with ESG assets despite reported evidence of strong
nterdependence with the rest of considered assets in the early stages of the sanitary crisis. Fourth, our results contribute
o better understanding the reasons why investors would keep supporting sustainable financing through the demand of
reen financial instruments in the presence of an external shock, such as the COVID-19 sanitary crisis, which is essential
or the implementation of policy actions that promote the role of sustainable financing in the transition to a greener
conomy.
The remainder of this paper proceeds as follows. Section 2 provides a brief review of the relevant literature.

ection 3 introduces the conditional univariate and multivariate methodology to be implemented in the calibration of the
inimum variance portfolios. Section 4 describes the dataset employed. Empirical findings related to portfolio weighting,
erformance assessment and risk management are reported in Section 5. Section 6 concludes.

. Literature review

This paper relates to two strands of literature. The first one is devoted to assessing the performance of SRI during
pisodes of financial instability. Based on the estimation of risk-adjusted abnormal returns by means of different factor
odels, Nofsinger and Varma (2014) find that among SRI equity funds, the environmental, social and governance
ategories significantly outperform conventional funds in crisis periods. Becchetti et al. (2015) further show that socially
esponsible funds outperform conventional funds during the 2008 global financial crisis (GFC), but not in the course of the
rior 2001 dotcom crisis. Alexopoulos (2018) assesses the performance of a broad set of clean energy and conventional
nergy ETFs under two shocks of different nature – the 2008 GFC and the 2014 oil crisis – and document that the former
hock affected more the performance of clean energy ETFs than the latter did in conventional energy ETFs. Broadstock
t al. (2021) and Omura et al. (2021) contribute to this body of literature by offering evidence in the context of the
OVID-19 pandemic. Using a comprehensive dataset that comprises ESG scores for China’s CSI300 stock index constituents,
roadstock et al. (2021) show that overall high-ESG portfolios outperform low-ESG portfolios. In turn, the results in Omura
t al. (2021) indicate the outperformance of SRI stock indices against their conventional counterparts during the sanitary
risis.
The second strand of literature addresses the analysis of the diversifying or hedging properties of several assets

ncluding commodities, such as crude oil and gold, and more recently, cryptocurrencies, in times of market turmoil. In the
ace of the oil price collapse triggered by the coronavirus outbreak, the research in the field has mostly concentrated on
41
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he role of gold and cryptocurrencies as safe haven assets during the pandemic.5 With a focus on gold, Akhtaruzzaman
t al. (2021) find that gold only served as a safe haven asset for international equity markets during the early stages of
he pandemic (i.e., until mid-March 2020). Based on data before and after the announcement of the COVID-19 disease
n December 31, 2019, Ji et al. (2020) shows that the role of safe haven for gold remains robust during the pandemic,
hereas Salisu et al. (2021) document that the effectiveness of gold hedging properties depends upon market conditions,
eing more limited after the announcement of the disease. In turn, the ability of cryptocurrencies to minimize the risk
f investment strategies during the current pandemic has also deserved wide research attention, often in comparison to
old. Conlon and McGee (2020) offer evidence that adding Bitcoin to a portfolio containing S&P 500 stocks yields increased
ownside risk relative to holding the stock portfolio alone, thus suggesting that Bitcoin does not act as a safe haven
uring the COVID-19 crisis. Based on the DCC-GARCH methodology, Mariana et al. (2021) further show that both Bitcoin
nd Ethereum exhibit safe haven properties for the S&P 500 during the pandemic, although these are not investigated
hrough portfolio performance assessment. A related study by Dutta et al. (2020) extends the findings of Mariana et al.
2021) by showing under a similar methodological approach that Bitcoin is a diversifying asset for global crude oil markets.
ased on the asymmetric DCC approach, Chemkha et al. (2021) document that Bitcoin cannot be considered a safe haven
or major international equity markets and currencies during the pandemic due to its increased volatility.

In comparison to gold and cryptocurrencies, evidence on the diversifying or hedging properties of ESG assets within the
ontext of the ongoing pandemic crisis is far more limited. Existing studies infer on the potential role of ESG assets to serve
s diversifiers, hedges or safe havens from correlation and dependence analyses under different econometric approaches.
oncentrating on clean energy equity investments, the results in Arif et al. (2021) reveal weak dynamic interconnectedness
etween green and conventional stock indices in the long run, which suggests diversifying opportunities for investors
ith long investment horizons. Using the frequency-domain Granger causality test suggested by Breitung and Candelon
2006) and Sharma et al. (2022) confirm the findings in Arif et al. (2021) by offering evidence of bidirectional causality
etween sustainable and conventional indices in the short term, but not in the long run. Ferrer et al. (2021) rely on the
avelet-based network approach to show that strategies combining clean energy stock indices and general stocks do
ot offer diversifying or hedging benefits, whereas portfolios including clean energy stocks and green bonds may offer
nteresting diversification opportunities. Finally, Yousaf et al. (2022) does not find robust empirical evidence across the
ifferent quantiles defined to capture extreme S&P 500 downturns to support the safe haven property of clean energy
tocks when these are combined with positions in the S&P 500.
Overall, the literature review reveals the existence of a research gap that consists of going one step further in the

dentification of the hedging properties of ESG assets in the context of the COVID-19 sanitary crisis by assessing empirically
hether investment portfolios incorporating ESG assets effectively contribute not only to reduce risk exposure but also
o outperform investments restricted only to conventional assets.

. Methodology

A four-step process is followed in order to determine the conditional portfolio weights on a monthly basis. First,
e estimate the different time-varying volatilities and Kendall dependencies for the full sample period. Second, the
onditional covariance matrix is conducted as a cross product of prior deviations and correlations. Third, year 2019
epresents the training period for the statistical models and is not considered for the rest of the analysis. Fourth, we
alculate the dynamic portfolio rebalancing weights that minimize the variance of the respective portfolios made up of
ach asset class and the ESG shares. In order to increase robustness, multiple rebalancing frequencies are considered.
This section describes the optimal problem to be used for our empirical assessment. Section 3.1. details the partic-

larities of the time-varying minimum variance problem, while Section 3.2. examines in further detail the dynamics of
he copula correlation to be introduced in the optimal problem. Specifically, in this paper we rebalance our investment
trategies on different frequency basis from the information suggested in a prior DCC skew Student copula estimation.

.1. Minimum variance portfolio optimization

The construction of optimal investment portfolios that minimize risk and also allow obtaining the highest expected
eturn from asset diversification has been a widely discussed topic by the academic community (Markowitz, 1959a,b;
antos and Moura, 2014; Bertrand and Lapointe, 2015; Sahamkhadam et al., 2018; Aziz et al., 2019; Brauneis and Mestel,

5 In order to provide a more focused review of the relevant literature on the safe haven role of considered assets, we concentrate on studies
circumscribed to the COVID-19 pandemic period. With reference to other periods encompassing other crisis episodes, some of the following studies
offer insights into the hedging benefits of investments involving crude oil (Aloui et al., 2013; Junttila et al., 2018; Corbet et al., 2020a), gold (Baur
and McDermott, 2010; Agyei-Ampomah et al., 2014; Mensi et al., 2018; Talbi et al., 2021), cryptocurrencies (Kristoufek, 2013; Chowdhury, 2016;
Bouri et al., 2017a,b; Ji et al., 2020) SG assets (Sadorsky, 2014; Ferrer et al., 2018; Elie et al., 2019; Dutta et al., 2020; Iglesias-Casal et al., 2020;
Umar et al., 2020; Tareq et al., 2021) against diverse securities. Please note that although some studies on SRI are focused from the perspective of
reducing the risk of investments in ESG assets by combining them with other assets instead of the other way round (Elie et al., 2019; Dutta et al.,
2020), inferences from the dependence and correlation analyses are equally valid.
42



A. Díaz, C. Esparcia and R. López Economic Analysis and Policy 75 (2022) 39–60

2
t

w
d
t
(

Σ

w
c
o
d

3

m
F

W

019).6 Formally, the minimum variance portfolio choice can be established as a dynamic optimization problem in which
he investment’s risk exposure is minimized as:

min
wt

(
σ 2
Pt

)
= w′

tΣtwt

constrained to :

n∑
i=1

wit = 1 (1)

here Σt is the n × n dynamic covariance matrix and wt is the vector of time-varying portfolio weights. Note that two
ifferent portfolio compositions are considered, allowing and constraining short sells. No additional constraints are needed
o conduct the former optimization, while the non-negativity condition of the weights must be included in the latter
w1t , w2t . . . wnt ≥ 0).

The calculation of the time-varying portfolio variance (σ 2
Pt ) requires the estimation of the conditional covariance matrix,

t :

Σt =

⎛⎜⎝ σ 2
1t · · · σ1nt
...

. . .
...

σn1t · · · σ 2
nt

⎞⎟⎠ (2)

where the main diagonal is based on the return’s variance of each of the selected assets and the remaining components are
covariances between pairs of asset returns. We model these conditional moments by way of the GARCH (1,1) specification
for the case of the variance, and DCC Student copula for the correlation terms.7 We estimate each of the n univariate
GARCH (1,1) models from the innovations or residuals of prior AR (1) models.8

From the estimated conditional correlations, the conditional covariance matrix is obtained as follows:

Σt = DtRtDt

Σt =

⎛⎜⎜⎝
σ1t 0 . . . 0
0 σ2t . . . 0
...

...
. . .

...

0 0 . . . σnt

⎞⎟⎟⎠
⎛⎜⎜⎝

1 τ12t . . . τ1nt
τ21t 1 · · · τ2nt
...

...
. . .

...

τn1t τn2t · · · 1

⎞⎟⎟⎠
⎛⎜⎜⎝

σ1t 0 . . . 0
0 σ2t . . . 0
...

...
. . .

...

0 0 . . . σnt

⎞⎟⎟⎠ (3)

here Dt is the conditional deviation matrix, which is expressed as a diagonal matrix with the diagonal elements as
onditional volatilities obtained from the GARCH (1,1) model. On the other hand, Rt is the dynamic correlation matrix
btained through the application of the multivariate DCC skew Student copula specification. This matrix has its main
iagonal composed by ones, and n (n − 1) conditional Kendall’s τ correlations out of the diagonal.

.2. Copulas and the optimal problem

An n-dimensional copula C(u1, . . . , un) is an n-dimensional distribution in the unit hypercube [0, 1]n with uniform
arginals. Sklar (1959) demonstrate that the joint distribution, F , of a random vector, X = (x1, . . . , xn), with marginals,

1(x1), . . . , Fn(xn), can be expressed as:

F (x1, . . . , xn) = C(F1 (x1) , . . . , Fn (xn)) (4)

here C, which is solely determined in the interval [0, 1]n for F under continuous marginals:

C (u1, . . . , un) = F
(
F1−1 (u1) , . . . , Fn−1 (un)

)
(5)

The density function can be interpreted as follows:

f (x1, . . . , xn) = c (F1 (x1) , . . . , Fn (xn))
n∏

i=1

fi(xi) (6)

where fi are the marginal densities and c is the density function of the copula given by:

c (u1, . . . , un) =
f
(
F1−1 (u1) , . . . , Fn−1 (un)

)∏n
i=1 fi

(
Fi−1 (ui)

) (7)

Where F1−1 is the quantile function of the marginals.

6 Specifically, studies as Sahamkhadam et al. (2018) focus on the minimum variance problem under the assumption of copula models to fit the
conditional covariances between asset pairs.
7 These and other models are explained more in detail in Appendix.
8 Several studies show that simple and traditional models, such as ARCH (1) or GARCH (1,1), provide better results than more complex extensions

of these basic models for different purposes and data samples (Bollerslev, 1987; Hansen and Lunde, 2005; Harvey et al., 1994).
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Then, considering the skewed and heavy-tailed patterns of most financial time series (Demarta and McNeil, 2007), we
mplement a DCC Student Copula approach as it exhibits desirable properties in modeling asset returns. In this regard, let
he n-dimensional random vector of asset returns rt = rit , . . . , rnt follow a copula GARCH model with joint distribution
given by:

F
(
rt |µt , σ

2
t

)
= C

(
F1
(
r1t |µ1t , σ

2
1t

)
, . . . , Fn

(
rnt |µnt , σ

2
nt

))
(8)

where Fi, i = 1, . . . , n is the conditional distribution of the ith marginal series density and C is the n-dimensional Copula.
The conditional mean E [rit |It−1] = µit , where It−1 is the σ -field generated by the past realization of rt , and the conditional
variance, σ 2

t , follows an AR (1)-GARCH (1,1) process:

rit = φrit−1 + εit , εit = σitzit (9)

σ 2
it = ω + αε2

t−1 + βσ 2
it−1 (10)

where zit are i.i.d. random variables which conditionally follow a standardized skew Student distribution, zit ∼

fi(0, 1, ξi, νi), of Fernández and Steel (1998) with skew and shape parameters ξ and ν, respectively. φ is the slope in the
AR(1) model and the lag-1 autocorrelation, and α measures how volatility reacts to new information, while β represents
the persistence in volatility. ω = 1 − α − β .

Then, we assume a Skew Student Copula to model the dependence structure of the marginal distributions with
conditional correlation, Rt , and constant shape parameter η. The conditional density of the copula can be summarized
as:

ct (uit , . . . , unt |Rt , η) =
ft (F−1

i (uit |η) , . . . , F−1
i (unt |η) |Rt , η)∏n

i=1 fi(F
−1
i (uit |η) |η)

(11)

here uit = Fit
(
rit |µit , σ

2
it , ξi, νi

)
is the Probability Integral Transformed (PIT) transformation of the return series by via

he first stage GARCH, F−1
i (uit |η) depicts the quantile transformation of the uniform marginals constraint to the common

hape parameter of the multivariate density, ft (.|Rt , η) and fi(.|η) are each of the univariate marginals of the multivariate
tudent distribution with common shape parameter η.
The joint density of this second stage estimation is written as:

f
(
rt |µt , σ

2
t , Rt , η

)
= ct (uit , . . . , unt |Rt , η)

n∏
i=1

1√
σ 2
it

fit (zit |νit , ξi) (12)

where the likelihood is composed of a part due to the joint DCC copula dynamics and a part due to the first stage univariate
GARCH dynamics:

l (θ |rt) =

T∏
t=1

f
(
rt |µ, σ 2

t Rt , η
)

=

T∏
t=1

Γ
(

η+p
2

)
Γ
(

η

2

)p−1(
η+1
2

)p
(
1 +

X ′
tR

−1
t Xt
η

)−

(
η+p
2

)
√
Rt

×

p∏
i=1

(
1 +

x2it
η

)( η+1
2

)
p∏

i=1

Γ

(
νi+1
2

)
Γ
(

νi
2

)√
πνiσ

2
it

(
1 +

(rit − µi)2

νiσ
2
it

)−

(
νi+1
2

)
(13)

here θ =
{
(µi, ωi, αi, βi, νi)

p
i=1 , (a, b, R, η)

}
, and the sample correlation with m ≥ 2 of {Xt−1, . . . , Xt−m} is given by

Xt =
(
x1t , . . . , xpt

)
=
(
t−1
η

(
tν1 (ε1t)

)
, . . . , t−1

η

(
tνp
(
εpt
)))

.
Under elliptical distributions as the student’s t, making time-varying the correlation matrix of the copula is an extension

of the 2-stage DCC model, and allows the fitting of a Student copula with disparate shape parameters for the first stage,
which unless estimated jointly is not considered in the standard DCC-GARCH. Thus, to estimate the dynamic conditional
correlations via the DCC Copula, first we must construct some instrumental variables, which play the role of covariances
between pairs:

qijt+1 = ρij + α
(

zitzjt − ρij
)
+ βqijt − ρij (14)

Where ρij is the constant Pearson’s correlation between pairs zit and zjt are the standardized innovations resulting from
the GARCH (1,1) fitting.

Then, the dynamic Pearson’s correlations coefficients, ρijt , result from the standardization of the former auxiliary
variables, qijt :

ρijt+1 =
qijt+1

√ √ (15)

qiit+1 qjjt+1
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As initial condition to initialize the calculus of the correlation coefficients, we impose:

qijt =

∑T
i=1 zitzjt
T

qiit = qjj,t = 1 (16)

Notwithstanding, under the assumption of the joint multivariate Student distribution, the Pearson’s correlation
coefficient cannot capture tail dependence and thus, it is not invariant under monotone transformations of the original
returns. Therefore, we implement the Kendall’s τ approach (Kruskal, 1958), based on rank correlations and depending
just on the copula, C:

τijt = 4
∫ 1

0

∫ 1

0
C
(
uit , ujt

)
dC
(
uit , ujt

)
− 1 (17)

which for elliptical distributions as the student’s t it is proved a one to one relation against the Pearson’s coefficient
(Lindskog et al., 2003):

τijt =

(
1 −

∑
xϵR

(P {xi = x}2)

)
2
π

sin−1 ρijt (18)

.3. Portfolio returns and performance measures

Similarly to Díaz and Esparcia (2021), we conduct a realized performance analysis in which we build different portfolios
rom historical data but examine their returns one day ahead. Then, the overall performance over the entire period under
tudy is examined from prior daily returns. Thus, we test how well the technique used in the construction of the portfolio
as really worked.
First, from the time-varying optimization process described in Section 3.2., we calibrate the dynamic optimal asset

eights, wP,t . Then, the portfolio return obtained over the next day, rP,t+1, can be characterized by:

rP,t+1 = w′

P,t rassets,t+1 (19)

here w′

P,t depicts the transpose vector of weights resulting from portfolio rebalancing at each given point in time, while
assets,t+1 is the dynamic column vector of asset returns obtained one day ahead of portfolio formation.

Second, to assess which investment alternative yields the greatest risk-adjusted value in current pandemic markets,
e examine the ex-post performance of both, single assets and ESG-assets combined strategies. We implement two
ifferent performance measures: the Sharpe ratio (SR) and downside risk measures. First, the SR (Sharpe, 1966, 1975,

1994) measures the mean-excess return per unit of total risk as follows:

SR(rp) =
E(rp) − rf

σ(rp)
(20)

here E(rp) and σ(rp) are the mean and the standard deviation of portfolio returns over the period under examination.
f is the risk-free rate, which is calculated from non-seasonally adjusted 3-month Treasury Bill rates retrieved from the
ederal Reserve Bank of St. Louis.9

Second and clearly opposed to the classical SR, there is a vein of the literature specially concerned about losses and so,
onsidering just the left-tail risk (Roy, 1952; Markowitz, 1959a). Thus, Fishburn (1977) defines the Lower Partial Moments
LPM) to account for the negative deviations of returns from a minimal acceptable return or threshold, h.10 Kaplan and
nowles (2004) defines a set of Kappa (K ) indices with regard to a variety of LPM orders:

K (h,m) =
E(rp) − h

LPMm,h (r)1/m
(21)

here E(rp) is the mean return over the period under examination and LPMm,h(r) is the LPM of order m and threshold h.11

9 The series are quoted in internal rates of return (IRR). Then, zero-coupon bond prices are calculated from the former time series. Finally, the
risk-free rate is approximated from the average of the daily returns calculated from zero-coupon bond prices.
10 The LPM of order m is computed as: LPMm,h (r) =

∫ h
−∞

(h − r)m f (r) dR, where r is the return of the considered portfolio over the sample period
and f (r) is the probability density function of portfolio returns.
11 The Kappa index of order 2 is extensively evidenced to coincide with the Sortino ratio (Sortino and Van der Meer, 1991), while Omega
corresponds to Kappa index of order 1 plus one (Bertrand and Prigent, 2011).
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Fig. 1. Daily evolution of closing prices for considered ETFs. This figure reports on the daily closing prices of the different ETF types under study.
Gold, crude oil and traditional equity ETF prices are labeled on left y-axis and ESG equities, Bitcoin and Treasury bonds ETF prices are labeled on
ight y-axis. Prices are expressed in dollars.

. Data

The full data sample spans from January 2019 to December 2021, including 756 observations of daily closing
arket prices of ETFs linked to renewable energy equities, conventional equities, Treasury bonds, gold, crude oil, and
ryptocurrencies. All the data are gathered from Yahoo Finance. The First Trust Global Wind Energy ETF is used as
proxy for the clean energy equity market. This ETF offers exposure to the global wind power industry by tracking

he performance of the ISE Clean Edge Global Wind Energy Index (GWE), which includes both pure play wind power
ompanies and firms with more broad-based activities that keep some focus on wind power. Also used in recent literature
Alexopoulos, 2018; Miralles-Quirós and Miralles-Quirós, 2019; Çelik et al., 2022), this ETF is rated AA by MSCI ESG fund
atings.12 In addition, this ETF is particularly suitable for our analysis because it provides exposure to a particularly
ell-recognized segment of the green energy market.
As for the conventional asset classes, the iShares MSCI World ETF and the SPDR Bloomberg Barclays International

reasury Bond ETF are used to characterize the global performance of the overall stock market and Treasury bond
arkets, respectively. iShares MSCI World ETF tracks a market cap-weighted index of large- and mid-cap developed
arket stocks worldwide, whereas SPDR Bloomberg Barclays International Treasury Bond offers exposure to bonds issued
y governments outside the US. In turn, the behavior of the prices of gold and crude oil are proxied by the ETFs SPDR Gold
hares and the United States Oil Fund, LP, respectively. In addition, the Grayscale Bitcoin Trust, which enables investors
o gain exposure to the price movements of Bitcoin, is employed as a proxy for the cryptocurrency market. Table 1 offers
ome descriptive features for selected ETFs as well as information on ESG metrics for the equity and bond ETFs as provided
y MSCI.
Fig. 1 plots the evolution over time of the daily closing prices for the six selected ETFs. We can observe that all the ETFs

hare a common pattern, the collapse in their trading prices in mid-March 2020 due to the exponential growth in the
OVID-19 spread worldwide and the first global confinements. According to this Figure, assets that had traditionally been
onsidered safe havens or hedge assets ceased to be so during the period in which all correlations between assets increased
ramatically. This is a clear example of the increased interconnectedness among financial markets during periods of
eightened financial turmoil (Liu et al., 2013; Ferrer et al., 2018; Gong et al., 2019). However, except for crude oil, it seems
hat the rest of the ETFs have followed an upward trend from the beginning of April until the end of December 2020,
oinciding with the relaxation of the health restriction measures and the first green shoots at the economic level.13 At the
conometric level, we report that all series behave as random walks with stochastic trend or unit root, so in order to carry
ut a study of statistical guarantees, a total of 755 daily continuous returns are computed from the first log-differences
f the daily ETF closing prices.

12 MSCI ESG fund ratings range from leader (AAA, AA), average (A, BBB, BB) to laggard (B, CCC) based on the exposure of funds’ holdings to ESG
risk and its management by issuer companies in comparison to peers. See https://www.msci.com/our-solutions/esg-investing/esg-fund-ratings.
13 In previous crisis periods, crude oil was considered a safe haven asset. It behaves differently during these turbulent times since severe
geographical and mobility restrictions influenced the generalized decline in crude oil prices during several months of 2020.
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Table 1
Investment opportunity set

First Trust
Global Wind
Energy

iShares
MSCI World

SPDR
Bloomberg
Barclays
International
Treasury Bond

SPDR Gold
Shares

United
States Oil
Fund, LP

Grayscale
Bitcoin Trust

Descriptive features
Ticker FAN URTH BWX GLD USO GBTC
Exposure Global Global Global Global Global Global
Asset class Equity Equity Bond Commodity Commodity Cryptocurrency
Currency USD USD USD USD USD USD

MSCI ESG fund ratings
ESG rating Leader Average Average
ESG score 7.31 5.92 5.99

MSCI supplemental fund metrics

Sustainable Impact Solutions (%). A
weighted average of each issuer’s
percent of revenues generated from
Sustainable Impact Solutions goods
and services with positive impact on
the society and the environment.

41.67 6.08 0.00 NA NA NA

Carbon Intensity (tCO2e/$m sales). A
weighted average of the carbon
intensity of the fund’s holdings.

736.40 139.80 38.10 NA NA NA

Green Revenues (%). A weighted
average of each issuer’s percent of
revenue generated by goods and
services, including alternative energy,
energy efficiency, green building,
pollution prevention and sustainable
water.

56.90 5.00 0.00 NA NA NA

Board Independence (%). A weighted
average percentage of issuers in the
fund that have an independent board
of directors.

77.20 78.80 70.00 NA NA NA

Board Diversity (%). A weighted
average percentage of women on the
board of the fund’s holdings.

25.50 31.00 32.50 NA NA NA

UNGC Violations (%). A sum of the
weight of issuers in the fund that are
in violation of the UN Global
Compact principles according to MSCI
ESG Research methodology.

0.00 1.40 0.00 NA NA NA

Very Severe Controversies (OECD) (%).
A sum of the weight of issuers in the
fund that are facing one or more very
severe controverse related to the
environment, product quality, human
rights, labor rights and governance
based on OECD guidelines.

0.00 1.80 0.00 NA NA NA

Controversial Weapons (%). A sum of
the weight of issuers in the fund that
have any tie to landmines, cluster
munitions, biological, chemical,
depleted uranium, or nuclear
weapons.

0.00 0.50 0.00 NA NA NA

Tobacco (%). A sum of the weight of
the issuers in the fund that are
tobacco producers that derive ≥ 5%,
as well as tobacco distributors,
suppliers, and retailers if the
combined revenue is ≥ 15% of total
revenues.

0.00 0.70 0.00 NA NA NA

This table reports on the considered components of the investment opportunity set. NA denotes not available information because ESG criteria do
not apply to the underlying assets of specific ETFs, such as commodities or cryptocurrencies, due to their nature.

Table 2 provides the summary statistics of the daily continuous returns computed for the different ETF asset classes.
e find that Bitcoin exhibits the highest annualized average daily return and standard deviation (volatility) over the
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Table 2
Descriptive statistics for the log-returns of ETFs over the period January 2019–December 2021.

ESG equities Traditional equities Gold Crude oil Bitcoin Treasury bonds

Mean 0.2095 0.1996 0.1122 −0.1194 0.6796 0.0170
Std. Dev. 0.2478 0.2155 0.1535 0.5005 0.8678 0.0800
Skewness −1.1597 −1.5998 −0.5615 −2.4575 −0.0567 −2.3093
Kurtosis 16.6558 24.4124 7.1785 26.4180 5.2235 32.1727

JB 5897.23 14418.04 572.87 17618.47 150.49 26845.58
(0.0000)*** (0.0000)*** (0.0000)*** (0.0000)*** (0.0000)*** (0.0000)***

Q (1) 6.1233 49.5286 4.1137 7.0031 3.4348 0.0066
(0.0133)** (0.0000)*** (0.0425)** (0.0081)*** (0.0638)* (0.9353)

Q (2) 39.1540 89.7310 4.4068 7.1959 6.5610 6.8129
(0.0000)*** (0.0000)*** (0.1104) (0.0274)** (0.0376)** (0.0332)**

Q (5) 53.3010 105.7165 15.1863 14.2391 7.5644 23.5130
(0.0000)*** (0.0000)*** (0.0096)*** (0.0142)** (0.1819) (0.0003)***

LM (3) 228.0688 292.3104 33.8334 60.0007 26.5230 265.6606
(0.0000)*** (0.0000)*** (0.0000)*** (0.0000)*** (0.0000)*** (0.0000)***

LM (5) 230.6026098 302.0409 44.8828 79.5120 30.4490 266.4361
(0.0000)*** (0.0000)*** (0.0000)*** (0.0000)*** (0.0000)*** (0.0000)***

LM (7) 237.5733 333.0872 69.1927 108.9584 30.5883 334.0919
(0.0000)*** (0.0000)*** (0.0000)*** (0.0000)*** (0.0001)*** (0.0000)***

This table provides information on the main descriptive statistics of the continuous log-returns for the different assets. The average
return (Mean) and the standard deviation (Std. Dev.) of the series are presented in annualized terms, while skewness and kurtosis
remain in their daily standard format. Additionally, three tests are conducted to assess the common properties of most financial time-
series, namely, non-normality by the Jarque–Bera test (JB), and autocorrelation in the first and second moments by the Ljung–Box
(Q ) and Lagrange-Multiplier (LM) test statistics, respectively. Note that different lag orders are evaluated, and p-values are presented
in parentheses.
*Statistical significance at the 10%.
**Statistical significance at the 5%.
***Statistical significance at the 1%.

sample period, where the high volatility is mainly associated to the sharp price swings observed during the year 2021.
As expected, the lowest volatility is related to Treasury bonds, while the lowest average daily return corresponds to
crude oil, which is consistent with the daily abrupt falls in price during the first months of 2020. Additionally, ESG stocks
reach the second highest average return and the fourth lowest risk exposure in terms of volatility, which undoubtedly
confers them a risk-return ratio to be considered and that will be the starting point of our research. Kurtosis coefficients
report clear evidence of leptokurtic empirical distributions. The Jarque–Bera test confirms the non-normal distribution of
the series by rejecting the null hypothesis of normality for all asset types. The absence of normality in returns will be
considered in subsequent sections by assuming the skewed Student’s t distribution in the model fitting. Except for gold
nd Treasury bonds (for the case of 1 and 2 lags), we find evidence of high autoregressive presence or weak autocorrelation
ased on the Ljung–Box test for 1, 2 and 5 lags. The Lagrange Multiplier test confirms the presence of strongly significant
utocorrelation in squared returns for all the assets under study across different lag orders. Consequently, the estimation
f several asymmetric GARCH models is required in the empirical analysis to account for these volatility patterns. The
CC skew Student copula is used to properly adjust the tail dependence. This is consistent with the results of Elie et al.
2019), who highlight the need of examining the tail dependence of gold and crude oil with clean energy stock indices
ollowing the financial turmoil, although no major differences are observed when using different copula models.

. Empirical analysis

In this section, the minimum variance selection criterion from the DCC skew Student copula approach is applied to
btain the optimal portfolio weights for the combination of clean energy stocks with each asset class: traditional equities,
old, crude oil, Bitcoin and Treasury bonds. The dependence structure between asset returns is completely determined by
he dependence structure of the generated uniform variables describing the relationship between the returns according to
given specification. The dependence patterns discussed in this paper are characterized by means of Student’s t-copula
hat captures the dependence at the center and tails of the distribution. A comprehensive and comparative analysis is
hen performed between the ESG portfolios and the investment in the aforementioned assets in order to show whether
iversification benefits are obtained from the inclusion of clean energy equities in the portfolios. We propose three
ifferent portfolio rebalancing strategies, changing the asset allocation every 1, 5 or 22 days by using the conditional
ovariance matrix estimated in those periods. Section 5.1. details the copula estimation process and its main economic
nd empirical findings, while Sections 5.2 and 5.3 deal with the particularities of portfolio formation and subsequent
ssessment.
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.1. Model fitting and time-varying copula analysis

To conduct the dependence analysis using the copula approach, it is necessary to know the marginal distribution
unctions of the returns for the different asset types. For this purpose, we start the process by conducting a time series
R (1) fitting for the returns of the various asset pairs and then we extract the standardized residuals from the resulting
ARCH (1,1) models (see Eqs. 9 and 10). From Panel A of Table 3, the estimated parameters of the marginal distributions
re analyzed in three steps, namely, mean process, variance equations and distribution fitting.
The estimation results indicate that the model adequately represents the marginal distribution for the returns of the

ssets. We observe high persistence in volatility, β , and low impact of contemporaneous shocks, α, which evidences that
the selected models accurately reflect the conditional heteroscedasticity of the series. Skewed Student’s t distributions
an be used to model the non-normality of asset returns, as the skewness (ξ ) and kurtosis (ν) parameters are significant
n every case. These parameters properly capture the negative asymmetric behavior (ξ ) of the series under study and the
hape parameter, ν, properly fits the existing jumps and tail dependence. The Ljung–Box (Q ) and Lagrange multiplier (LM)
ests conducted on standardized and standardized squared innovations, respectively, confirm that the AR (1) and GARCH
1,1) specifications efficiently capture the dynamics and particularities of the marginal distribution of the selected asset
lasses.14
Given that the dependence structure between assets may change over time, we estimate the copula parameters

very day using Eqs. (11) to (18). The estimation and PIT transformation of the marginals provide for a great deal of
lexibility. Specifically, for estimation purposes we follow the empirical approach, also called pseudo-likelihood (Genest
t al., 1995) in which asymptotic properties are established under the assumption that the sequence of rt is i.i.d.. The
se of this methodology allows us to approximate a distribution with a better fit of the heavy tails of the standardized
nnovations. Based on the above assumptions, the copula correlation measures are fitted, and the estimated distributions
re transformed into uniform distributions through the probability functions obtained to provide the estimates of the
opula parameters. From Panel B of Table 3, we report on a positive and statistically significant persistence in the copula
arameter, β , whereas the Student’s t copula model is mostly negative. Additionally, except for the case of Treasury bonds,
e find high statistical significance of the parameters measuring the degree of dependence of ESG and other asset types in
he tail of the distribution, νESG−j, which highlights the adequacy of the selected model and distribution to fit the empirical
ultivariate connectedness structure between pairs.
In Panel A of Table 4 we provide the summary statistics of the conditional volatilities for the different asset classes,

hereas Panel A of Fig. 2 further depicts the evolution of the time varying heteroscedasticity series over the period 2019–
021. A generally stable trend is observed for most of the assets during the pre-COVID sample period, except for a few
otable volatility peaks for Bitcoin in mid-June 2019 and some further rallies by crude oil in mid-September 2019. The
HO’s declaration of the pandemic in March 2020 triggers a surge in volatility for all assets, including the more stable

nd less risky ones, such as Treasury bonds and gold. Actually, for most of the selected assets, the highest peaks over
he sample period are reached in March 2020. Since May 2020 volatility in financial markets starts to recover average
re-pandemic levels as a result of the relaxation of global restrictions and the reactivation of economic activity. However,
ome remarkable spikes in volatility are experienced by Bitcoin and crude oil during the successive months that can be
elated to specific market events rather than an external shock affecting all financial markets.15 Volatility for the rest of
ssets remains relatively stable until the end of the sample in December 2021.
In Panel B of Table 4, we present a summary of the main descriptive statistics for the Kendall’s tau conditional

orrelations between ESG stocks and the rest of assets. Interestingly, the mean correlation between renewable energy
quities and traditional equities is moderate (0.69), which indicates that equity SRI offer some room for diversification
or investments in the overall equity market. This result suggests that ESG equities and conventional equities are perceived
y investors to some extent as different asset classes despite they belong to the same market. Our findings further extend
he studies of Sharma et al. (2022) and Arif et al. (2021), who report on the potential diversifying role of clean energy
tocks for conventional stocks during the pandemic by using equities that track the performance of the broad renewable
nergy sector rather than of a specific clean energy source as we do. In turn, the average correlation between ESG
quities and the other asset classes (i.e., gold, crude oil, Bitcoin and Treasuries) is clearly lower (approximately 0.20).
his low correlation over the sample period suggests that clean energy equities can serve as a hedge for investments in
he commodity, cryptocurrency, and Treasury markets. Panel B of Fig. 2 further details the evolution of the conditional

14 Note that both for the case of standardized residuals and standardized squared residuals, we hardly find autocorrelation for some lag orders
and for very few assets.
15 Regarding Bitcoin, evidence of increased volatility in the first half of 2021 can be associated with the Tesla’s announcement in February, in
which Elon Musk made public a strong investment of $1.5 billion in Bitcoin along with the acceptance of this digital currency as a method of
payment for his vehicles, and China’s ban on Bitcoin as a means of payment since late June. Also contributing to a gloomy mood in the crypto
markets is the emerging ESG narrative surrounding bitcoin’s proof-of-work consensus mechanism and the negative regulatory undertones from the
Financial Action Task Force, the intergovernmental watchdog on anti-money laundering. As for the crude oil market, the steep surge in volatility
observed at the end of the sample period is partially driven by supply and price shocks in competing resources and damages in oil infrastructures
caused by Hurricanes Ida and Nicholas.
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Treasury bonds

(0.9911) 0.0001 (0.8145)
4 (−1.523) −0.0518 (−1.3301)

(1.725)* 0.0000 (0.2379)
(3.2192)*** 0.1341 (1.3222)
(18.8337)*** 0.7623 (8.6039)***
(15.3629)*** 0.9674 (18.2962)***
(4.7305)*** 9.4945 (1.8756)*
(0.5811) 0.2374 (0.6261)
(0.9053) 0.2867 (0.9952)
(0.9401) 1.0269 (0.9427)
(0.1333) 7.1460 (0.0075)***
(0.3411) 7.6230 (0.0247)**
(0.4579) 8.4910 (0.0408)**

Treasury bonds

(0.1069) 0.0381 (2.1863)**
(8.9262)*** 0.8875 (25.2576)***
(0.5595) 0.0109 (0.4001)

0 (2.3354)** 21.2065 (0.6919)

21. Panel A reports on the parameter estimation
garding the mean, µ refers to the unconditional
different assets, ω measures the mean reversion
tics, conducted using 1, 2 and 5 lags to test for
skewed Student’s t distribution. Panel B reports
rd errors.

50
Table 3
DCC-skew. Student copula parameters and statistics.
Panel A: Univariate parameters and statistics

j = assets ESG equities Traditional equities Gold Crude oil Bitcoin

µj 0.0011 (3.2195)*** 0.0009 (4.0898)*** 0.0004 (1.2161) 0.0013 (1.8101)* 0.0018
φj 0.0102 (0.2698) −0.0978 (−2.8631)*** 0.0429 (1.4335) −0.0097 (−0.2694) −0.057
ωj 0.0000 (1.2072) 0.0000 (1.469) 0.0000 (0.5948) 0.0000 (2.9088)*** 0.0002
αj 0.1561 (4.8226)*** 0.2011 (4.928)*** 0.0767 (2.7506)*** 0.1214 (3.6116)*** 0.0596
βj 0.8298 (24.9766)*** 0.7747 (19.053)*** 0.8920 (27.0151)*** 0.8367 (24.0797)*** 0.8836
ξj 0.8960 (16.8107)*** 0.7523 (19.2075)*** 0.8619 (20.4865)*** 0.8302 (18.2308)*** 1.0339
νj 7.0496 (4.2947)*** 6.5698 (4.5847)*** 4.4171 (5.5924)*** 4.7179 (5.8324)*** 7.3273
Q (1) 0.7502 (0.3864) 2.0610 (0.1511) 0.9364 (0.3332) 4.6100 (0.0318)** 0.3045
Q (2) 3.4519 (0.014)** 2.4590 (0.0979)* 1.0993 (0.6791) 4.9750 (0.0005)*** 0.682
Q (5) 6.1968 (0.0393)** 3.2650 (0.3675) 2.6763 (0.5169) 6.0070 (0.0463)** 1.0437
LM (3) 2.7670 (0.0962)* 0.1007 (0.751) 0.4107 (0.5216) 0.3443 (0.5573) 2.2540
LM (5) 2.7890 (0.3219) 0.5016 (0.8832) 0.8539 (0.7768) 0.4179 (0.9076) 2.6720
LM (7) 3.4500 (0.4329) 0.7382 (0.952) 1.0224 (0.9099) 0.4733 (0.9807) 3.3050

Panel B: Joint multivariate parameters and statistics

Traditional equities Gold Crude oil Bitcoin

αESG−j 0.0225 (1.7976)* 0.0125 (0.7826) 0.0187 (2.2352)** 0.0022
βESG−j ESG equities - 0.9322 (26.4195)*** 0.9128 (8.2988)*** 0.9666 (66.8766)*** 0.9106
ξESG−j 0.0327 (1.0225) 0.0270 (0.5031) 0.0002 (0.0279) 0.0275
νESG−j 9.2256 (3.2737)*** 11.3598 (2.3615)** 20.2953 (1.7785)* 10.925

This table provides information about the estimation of the volatility and dependence structure between assets for the period 2019–20
and residual summary statistics for the marginal distributions, the mean and the variance equations of each of the individual assets. Re
mean the process, whereas φ denotes the persistence in returns. With respect to the parametrization of the variance process of the
of the model, while (α + β) refers to persistence in volatility. Q (m) and LM (m) are the Ljung–Box and the Lagrange-Multiplier statis
the presence of serial correlation in residuals and 3, 5 and 7 lags for squared residuals. Parameters ξ and ν report on the shape of the
on the parameter estimation for the DCC skew Student copula. t-values, presented in parentheses, are computed using robust standa
*Statistical significance at the 10%.
**Statistical significance at the 5%.
***Statistical significance at the 1%.
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Table 4
Statistics for the time-varying volatilities and correlations.
Panel A: Univariate marginals’ distributions. Conditional volatilities

ESG equities Traditional equities Gold Crude oil Bitcoin Treasury bonds

Mean 0.2096 0.1635 0.1521 0.4006 0.8552 0.0650
Std. Dev. 0.1370 0.1311 0.0405 0.2591 0.1333 0.0340
Max 1.1543 1.2121 0.3597 1.8701 1.5286 0.4297
Min 0.0905 0.0720 0.1037 0.2197 0.6723 0.0437
Q1 0.1371 0.0994 0.1245 0.2775 0.7622 0.0528
Q2 0.1740 0.1264 0.1437 0.3214 0.8181 0.0581
Q3 0.2350 0.1757 0.1635 0.4029 0.9236 0.0657

Panel B: Multivariate distribution. Time-varying Kendall’s tau

Traditional equities Gold Crude oil Bitcoin Treasury bonds

Mean

ESG equities
correlation with

0.6856 0.1761 0.2131 0.2400 0.2338
Std. Dev. 0.0781 0.0580 0.1034 0.0454 0.0966
Max 0.8971 0.3480 0.4394 0.4903 0.4346
Min 0.4136 0.0300 −0.0412 0.1734 −0.1295
Q1 0.6418 0.1349 0.1467 0.2067 0.1769
Q2 0.6845 0.1767 0.2149 0.2279 0.2433
Q3 0.7271 0.2137 0.2907 0.2609 0.2961

This table reports on the summary statistics of the trends and patterns described by each of the single asset volatilities
(Panel A) and the different dependence structures among asset-ESG pairs in terms of Kendall’s tau (Panel B).

Fig. 2. Modeling the marginal and multivariate dynamics. This figure presents the outputs of the multivariate model. Panel A reports on the time-
varying volatilities obtained from modeling the marginal distributions of the different assets via AR-GARCH specifications. All considered patterns are
expressed in annual terms. Panel B represents the time-varying Kendall’s tau dependences resulting from the DCC skew Student copula estimations.

correlations between ESG equities and the rest of assets over the sample period. We find that after the onset of the
pandemic, correlations between SRI and some of the assets, such as gold or Treasury bonds, come to fall sharply. However,
the opposite occurs subsequently, i.e., a bullish rebound in terms of dependencies is observed for all the asset pairs
under investigation, which reflects the increased interconnectedness among financial markets when a global external
shock occurs. We observe that the correlation between traditional and ESG equities increases substantially following
the pandemic outbreak and returns to its pre-pandemic value of around 0.6 by mid-2020. Interestingly, crude oil and
Treasury bonds display occasional negative values in the tau, which is especially evident in March 2020, thus indicating
the potential role of clean energy equities as a hedge, or even as a safe haven, during the most acute stages of the
51
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Fig. 3. Time-varying covariances & portfolio construction. This figure illustrates the three processes associated with portfolio rebalancing in accordance
with their frequency: daily, weekly, or monthly. For all cases, our initial training and statistical calibration period is from January 3, 2019, to December
31, 2019, which is designed to ensure consistency and precise estimates for our different GARCH and copula specifications. The rebalancing approaches
are driven over the period that spans from January 02, 2020,to December 31, 2021. The upper panel shows the daily rebalancing frequency (blue
color) with 503 daily minimum variance optimizations. The middle panel shows the weekly portfolio rebalancing approach (green color) with 101
portfolio optimizations, that is, an optimization every five working days. Finally, the lower panel displays the monthly rebalancing frequency (red
color) with 23 time-varying optimization problems, i.e. every 22 working days.. (For interpretation of the references to color in this figure legend,
the reader is referred to the web version of this article.)

pandemic.16 Additionally, this punctual ESG-Treasury negative correlation is particularly compelling given that it indicates
flight-to-safety phenomenon from equities to Treasury bonds during times of crisis.
These findings are consistent with those obtained by Ren and Lucey (2021) from their study of dependence relation-

hips between clean wind energy indices and cryptocurrencies up to October 2020, and those obtained by Kuang (2021)
or clean energy indices with other equity assets also for the year 2020. Hence, our results complement the findings
eported in these two studies regarding the behavior of ESG equities in comparison to other assets during the COVID-19
utbreak: (1) they are weak diversifiers against traditional equity assets; (2) they represent hedging assets for investors
n crypto assets.

.2. Portfolio construction

As described in the Methodology section, we conduct two types of conditional portfolio optimization problems
allowing for or constraining short sells) over different frequencies (daily, weekly or monthly). Fig. 3 details the steps
o be followed at each frequency to obtain the minimum variance portfolio composition according to the optimization
roblem type. For the daily rebalancing portfolios, the weights are calculated every business day from January 2020 to
ecember 2021, yielding 503 minimum variance optimizations for each portfolio.17 For the weekly rebalancing portfolio,
he weights are rebalanced every 5 workdays, achieving a total of 101 rebalances. Finally, in the monthly rebalancing
ortfolio the weights are computed every 22 working days, reporting a total of 23 rebalances.
Fig. 4 shows the evolution of portfolio weights in the daily rebalancing optimization problem without short selling in

hich ESG equities are included, and this is also shown in Appendices A and B for the weekly and monthly rebalancing
xercises, respectively.18 In the case of portfolios containing Bitcoin and Treasury bonds, the relative weights seem to be

16 To be classified as a safe haven against other securities, an asset should be evaluated based on the observation of negative correlations over
successive crisis intervals (Baur and Lucey, 2010).
17 We discard 2019 for our portfolio formation, understanding that this year only plays the role of training and calibration period to properly fit
the econometric models. As suggested by Hwang and Valls Pereira (2006), parameter estimation of GARCH and copula specifications can be biased
in small samples and thus, a window as the one conducted in the present research of more than 500 workdays is recommended.
18 For the sake of brevity, dynamic portfolio weights that allow for short positions are not plotted in the current study but can be provided upon
request.
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Fig. 4. Dynamic portfolio weights: 1 day rebalance This Figure presents the weight evolution for minimum variance portfolios constructed by
ombining the ETFs of each asset class and the ETF of ESG equities over the years 2020 and 2021 for the 1 day rebalance under constrained
ortfolios.

ore clearly established and hardly vary throughout the sample, whereas portfolios including the other three asset classes
eem to experience greater variation and even reversals. Portfolios composed of traditional and ESG equities stand out,
here the majority of funds are allocated to traditional portfolios, but the situation reverses several times in 2020 and
t the end of the sample period. Reversals and the high fluctuations observed in the weights occur less frequently with
ore realistic rebalancing strategies. By rebalancing the portfolio daily, the portfolio’s composition can be more quickly
djusted to new information, but it is associated with higher transaction costs and justifying portfolio changes becomes
ore difficult.
Table 5 presents the summary statistics relating to the dynamic rebalancing of different portfolio weightings. In each

anel, information is provided regarding the different rebalancing frequencies of each pair of asset classes, both in the
ase of short selling restrictions as well as in the case that short positions are allowed. The differences in weights between
he constrained portfolios and those that allow for short sales are small in average terms. Short positions in ESG equities
ccur with some frequency in portfolios that include both traditional and ESG equities, however, affecting the first quartile
f cases. It is during such periods of high positive correlation that it becomes necessary to take short positions in one of
he two assets in order to minimize portfolio risk.

SRI play a critical role in reducing portfolio risk exposure, which is best demonstrated when paired with gold, crude
il, or Bitcoin. With gold, ESG equities make up approximately one third of the minimum variance portfolios; with crude
il, almost 80%; and with Bitcoin, almost all of the portfolio (roughly 97%). Conversely, the lowest average weightings for
RI are allocated to traditionally safe assets such as Treasury bonds, where SRI will act not so much to reduce their risk,
ut to improve the risk-return ratio of the overall portfolio. According to the standard deviation, the very high weights in
he portfolio with Bitcoin and very low weights in the portfolios with Treasuries are also very stable over time. Portfolio
ompositions with gold, crude oil, and in particular traditional equities, are observed to be the most unstable, as shown
n Fig. 4. Overall, there are very small differences in the average weights across rebalancing frequencies, which supports
he robustness of these results.
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ties Treasury bonds + ESG equities

ort selling Constrained Short selling

tcoin ESG T. bonds ESG T. bonds ESG

02 0.98 0.93 0.07 0.97 0.03
05 0.05 0.04 0.04 0.05 0.05
34 1.02 0.99 0.24 1.05 0.22
0.02 0.66 0.76 0.01 0.78 −0.05
0.01 0.98 0.91 0.03 0.95 −0.01
00 1.00 0.94 0.06 0.98 0.02
02 1.01 0.97 0.09 1.01 0.05

ties Treasury bonds + ESG equities

ort selling Constrained Short selling

tcoin ESG T. bonds ESG T. bonds ESG

02 0.98 0.93 0.07 0.97 0.03
05 0.05 0.04 0.04 0.05 0.05
32 1.02 0.99 0.24 1.05 0.23
0.02 0.68 0.76 0.01 0.77 −0.05
0.01 0.97 0.92 0.03 0.95 −0.01
00 1.00 0.94 0.06 0.98 0.02
03 1.01 0.97 0.08 1.01 0.05

ties Treasury bonds + ESG equities

ort selling Constrained Short selling

tcoin ESG T. bonds ESG T. bonds ESG

01 0.99 0.94 0.06 0.98 0.02
04 0.04 0.04 0.04 0.04 0.04
15 1.01 0.98 0.18 1.04 0.16
0.01 0.85 0.82 0.02 0.84 −0.04
0.01 0.98 0.92 0.03 0.96 −0.01
00 1.00 0.95 0.05 0.99 0.01
02 1.01 0.97 0.08 1.01 0.04

54
Table 5
Descriptive statistics for the dynamic minimum variance-DCC copula portfolio weights.
Panel A: 1 day rebalance

Stat.
Traditional + ESG equities Gold + ESG equities Crude oil + ESG equities Bitcoin + ESG equi

Constrained Short selling Constrained Short selling Constrained Short selling Constrained Sh

Equity ESG Equity ESG Gold ESG Gold ESG Oil ESG Oil ESG Bitcoin ESG Bi

Mean 0.81 0.19 0.88 0.12 0.68 0.32 0.68 0.32 0.22 0.78 0.22 0.78 0.03 0.97 0.
Std. Dev. 0.23 0.23 0.29 0.29 0.17 0.17 0.17 0.17 0.14 0.14 0.15 0.15 0.05 0.05 0.
Max. 1.00 0.99 1.39 1.22 1.00 0.86 1.01 0.87 0.75 1.00 0.75 1.03 0.34 1.00 0.
Min. 0.01 0.00 −0.22 −0.39 0.14 0.00 0.13 −0.01 0.00 0.25 −0.03 0.25 0.00 0.66 −

Q1 0.71 0.03 0.71 −0.09 0.58 0.20 0.58 0.19 0.12 0.70 0.12 0.70 0.01 0.97 −

Q2 0.90 0.10 0.95 0.05 0.69 0.31 0.70 0.30 0.19 0.81 0.19 0.81 0.01 0.99 0.
Q3 0.97 0.29 1.09 0.29 0.80 0.42 0.81 0.42 0.30 0.88 0.30 0.88 0.03 0.99 0.

Panel B: 5 days rebalance

Stat.
Traditional + ESG equities Gold + ESG equities Crude oil + ESG equities Bitcoin + ESG equi

Constrained Short selling Constrained Short selling Constrained Short selling Constrained Sh

Equity ESG Equity ESG Gold ESG Gold ESG Oil ESG Oil ESG Bitcoin ESG Bi

Mean 0.83 0.17 0.91 0.09 0.68 0.32 0.68 0.32 0.22 0.78 0.22 0.78 0.03 0.97 0.
Std. Dev. 0.20 0.20 0.26 0.26 0.17 0.17 0.18 0.18 0.15 0.15 0.15 0.15 0.04 0.04 0.
Max. 1.00 1.00 1.39 1.19 0.99 0.86 0.99 0.87 0.75 1.00 0.75 1.01 0.32 1.00 0.
Min. 0.00 0.00 −0.19 −0.39 0.14 0.01 0.13 0.01 0.00 0.25 −0.01 0.25 0.00 0.68 −

Q1 0.74 0.03 0.75 −0.10 0.58 0.20 0.58 0.19 0.12 0.72 0.12 0.72 0.01 0.97 −

Q2 0.91 0.09 0.98 0.02 0.69 0.31 0.70 0.30 0.19 0.81 0.19 0.81 0.01 0.99 0.
Q3 0.97 0.26 1.10 0.25 0.80 0.42 0.81 0.42 0.28 0.88 0.28 0.88 0.03 0.99 0.

Panel C: 22 days rebalance

Stat.
Traditional + ESG equities Gold + ESG equities Crude oil + ESG equities Bitcoin + ESG equi

Constrained Short selling Constrained Short selling Constrained Short selling Constrained Sh

Equity ESG Equity ESG Gold ESG Gold ESG Oil ESG Oil ESG Bitcoin ESG Bi

Mean 0.79 0.21 0.85 0.15 0.67 0.33 0.67 0.33 0.22 0.78 0.21 0.79 0.02 0.98 0.
Std. Dev. 0.21 0.21 0.27 0.27 0.17 0.17 0.17 0.17 0.14 0.14 0.14 0.14 0.03 0.03 0.
Max. 0.99 0.70 1.20 0.71 0.89 0.85 0.89 0.85 0.54 0.99 0.55 1.00 0.15 0.99 0.
Min. 0.30 0.01 0.29 −0.20 0.15 0.11 0.15 0.11 0.01 0.46 0.00 0.45 0.01 0.85 −

Q1 0.67 0.03 0.67 −0.08 0.58 0.23 0.58 0.22 0.11 0.65 0.10 0.65 0.01 0.98 −

Q2 0.86 0.14 0.89 0.11 0.68 0.32 0.68 0.32 0.17 0.83 0.16 0.84 0.01 0.99 0.
Q3 0.97 0.33 1.08 0.33 0.77 0.42 0.78 0.42 0.35 0.89 0.35 0.90 0.02 0.99 0.
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.3. Performance assessment

We determine the performance of our strategies over the years 2020 and 2021 based on the returns resulting from
olding minimum variance portfolios until the time of the next rebalancing, i.e. the next day, the next week, or the
ext month. Subsequently, once we have obtained all the series of portfolio returns calculated at one point in time (see
q. (19)), we calculate the different performance measures for the overall 2020–2021 period and analyze them in a simple
ay multiplying by the relevant factors due to the well-proven properties of log-returns.
In Table 6, the summary statistics for the observed returns are shown in the top four rows of each panel and the most

ommon performance measures are shown in the lower six rows of each panel. Three columns provide the information
f each asset class, depicting the case for holding the asset separately, the case for combining that asset with SRI and
onstraining short selling, and the case for combining that asset with ESG stocks in portfolios allowing for short selling.
ach panel discloses the information according to the rebalancing frequency of the optimal portfolios.
We find that even the statistics of the raw returns for the ESG portfolios show some relevant results. Interestingly, the

ombination of ESG equities with almost all the asset class increases the mean return and reduces the risk, as measured
y the standard deviation. In the case of Bitcoin, the behavior is quite different. By combining Bitcoin portfolios with
SG stocks, the portfolio return is reduced to a third of what it would be if you invested exclusively in Bitcoin, but the
ssociated risk is also reduced to a third. It is also noteworthy that, when combining crude oil with ESG stocks, the
verage return is substantially higher, and the risk can be cut in half. Consequently, SRI become an important means of
iversification during the pandemic turmoil and subsequent period since it can be used to reduce risk exposure in every
sset combination. These results are consistent, regardless of the rebalancing frequency being considered.
The performance metric analysis considers the classic Sharpe ratio that is based on standard deviation as the risk

easure, and Kappa and Omega downside risk measures which only consider deviations towards the left tail as risk,
.e., losses above the threshold.19 In terms of Sharpe ratios, large enhancements in terms of the risk-return relationship
re observed almost in all cases. The exception is to include ESG stocks in a Bitcoin or Treasury bond portfolio that
llows short selling since these portfolios do not improve performance. For all other cases, the relevant improvements
re remarkably high with respect to gold and crude oil. Despite being more discreet in the case of traditional equities
Sharpe ratio increases by 15%), are especially relevant. Traditional equity portfolios are not a single asset, they are a
ell-diversified portfolio, where reducing risks and increasing returns is a very complex task that ESG stocks contribute
o achieve.

The performance results offered by the downside risk measures are consistent with those obtained for the Sharpe
atio. By calculating the risk associated to negative returns, we find that the inclusion of ESG equities can improve
he performance of the portfolios. For all asset classes, the results are similar to those obtained when using traditional
erformance measures; however, the result in the case of Bitcoin stands out. While according to the Sharpe ratio, Bitcoin’s
erformance deteriorates when combined with ESG equities, no differences are observed in terms of performance for
itcoin before and after it is combined with clean energy equities for several measures of downside risk. Therefore, once
xtreme negative returns are considered, our results reveal that SRI cannot only serve to reduce the risk of investing in
itcoin, but also to maintain its financial performance.
Overall, the empirical findings in this study support the fact that, beyond providing diversification and hedge

rotection, the inclusion of ESG assets increases the portfolio performance significantly. Our findings on the role of ESG
quities as diversifiers and hedge assets are consistent with previous studies that consider some of the assets that we
xamine (Elie et al., 2019; Kuang, 2021; Tareq et al., 2021; Gustafsson et al., 2022). Additionally, our results based on
ortfolio performance analysis are also in line with those obtained by Kuang (2021) and Gustafsson et al. (2022). Kuang
2021) compares the performance of ESG assets against dirty energy stocks and international equity indices from passive
ortfolios with constant weights, analyzing downside risk measures. In turn, Gustafsson et al. (2022) examine energy
etals and precious metals as potential safe havens for clean energy assets by examining optimal hedge ratios and risk.
herefore, our study extends the previous literature’s analysis of the role of SRI during times of crisis. Considering clean
nergy equities and paying particular attention to tail risks, we examine both risk reduction and portfolio performance
hrough active management and rebalancing with different frequencies. Incorporating ESG equities to portfolios with very
iverse asset classes improves their financial performance in a significant way.

. Conclusions and remarks

Our study evaluates the diversification benefits in terms of risk reduction and performance improvement associated
ith combining renewable energy equities with a variety of asset classes. As the COVID-19 pandemic unfolds, the
otential role of ESG stocks as diversifiers, hedges, and even safe havens is examined from the perspective of extreme
ail dependence. We also analyze the impact of including SRI in actively managed portfolios with different rebalancing
requencies. These portfolios contain other asset classes, including conventional equities, Treasury bonds, crude oil, gold,
nd cryptocurrencies. By analyzing the case of clean energy equities in market periods of exceptional volatility, this
aper contributes to the literature on the hedging properties of ESG assets across a variety of asset classes and on the

19 We consider zero as threshold for the Kappa indices.
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Table 6

in + ESG
ies Treasury

bonds

Treasury bonds +

ESG equities

tr. Short S. Constr. Short S.

3 0.2025 −0.0014 0.0050 −0.0086
0 0.2959 0.0916 0.0907 0.0901
821 −1.3796 −2.2972 −2.4496 −2.4691
62 14.8285 28.0057 29.1648 29.8328
7 0.6783 −0.0340 0.0364 −0.1151
2 0.1400 −0.0031 0.0114 −0.0195
4 0.9152 −0.0191 0.0703 −0.1207
2 1.3339 −0.0255 0.0939 −0.1608
4 1.4703 −0.0270 0.0987 −0.1691
2 1.1400 0.9969 1.0114 0.9805

in + ESG
ies Treasury

bonds

Treasury bonds +

ESG equities

tr. Short S. Constr. Short S.

2 0.2040 −0.0014 −0.0012 −0.0137
2 0.2959 0.0916 0.0905 0.0899
578 −1.2460 −2.2972 −2.5340 −2.5498
10 14.0497 28.0057 29.9647 30.5309
1 0.6833 −0.0340 −0.0324 −0.1714
1 0.1406 −0.0031 −0.0027 −0.0306
4 0.9275 −0.0191 −0.0166 −0.1904
1 1.3643 −0.0255 −0.0222 −0.2536
3 1.5116 −0.0270 −0.0233 −0.2664
1 1.1406 0.9969 0.9973 0.9694

in + ESG
ies Treasury

bonds

Treasury bonds +

ESG equities

tr. Short S. Constr. Short S.

5 0.1984 −0.0014 0.0058 −0.0056
6 0.2954 0.0916 0.0904 0.0899
450 −1.3410 −2.2972 −2.5171 −2.5023
85 14.5794 28.0057 30.0559 30.2000
5 0.6659 −0.0340 0.0448 −0.0819
0 0.1372 −0.0031 0.0130 −0.0126
9 0.8967 −0.0191 0.0808 −0.0787
0 1.3143 −0.0255 0.1076 −0.1049
6 1.4564 −0.0270 0.1127 −0.1099
0 1.1372 0.9969 1.0130 0.9874

e various strategies under study. Portfolio assessment is
is clearly divided into three sections: Panel A describes

nto three categories: statistics of the four order moments

56
In-sample pandemic performance assessment.
Panel A: 1 day rebalance

Stat. Tradicional
equities

Traditional + ESG
equities Gold

Gold + ESG equities
Crude oil

Crude oil + ESG
equities Bitcoin

Bitco
equit

Constr. Short S. Constr. Short S. Constr. Short S. Cons

Mean 0.1716 0.1959 0.2036 0.0827 0.1172 0.1172 −0.3109 0.1405 0.1408 0.7462 0.205
Std. Dev. 0.2510 0.2512 0.2517 0.1691 0.1521 0.1520 0.5730 0.3054 0.3059 0.8748 0.296
Skewness −1.4741 −1.7205 −1.7100 −0.6114 −0.3897 −0.3853 −2.4479 −2.7767 −2.7860 −0.1032 −1.3
Kurtosis 19.8228 21.0097 20.9547 6.8633 6.8938 6.9130 22.6506 25.4899 25.5349 5.3912 14.82
Sharpe 0.6767 0.7729 0.8022 0.4791 0.7590 0.7596 −0.5456 0.4543 0.4546 0.8511 0.687
Kappa 1 0.1554 0.1820 0.1903 0.0911 0.1447 0.1449 −0.1092 0.1008 0.1009 0.1495 0.142
Kappa 2 0.9031 1.0221 1.0623 0.6614 1.0634 1.0646 −0.6568 0.5704 0.5706 1.2509 0.927
Kappa 3 1.2678 1.4143 1.4692 1.1074 1.8117 1.8132 −0.9253 0.7747 0.7747 2.1864 1.352
Kappa 4 1.3886 1.5486 1.6087 1.3430 2.2093 2.2111 −1.0135 0.8365 0.8366 2.6152 1.490
Omega 1.1554 1.1820 1.1903 1.0911 1.1447 1.1449 0.8908 1.1008 1.1009 1.1495 1.142

Panel B: 5 days rebalance

Stat. Tradicional
equities

Traditional + ESG
equities Gold

Gold + ESG equities
Crude oil

Crude oil + ESG
equities Bitcoin

Bitco
equit

Constr. Short S. Constr. Short S. Constr. Short S. Cons

Mean 0.1716 0.1935 0.1960 0.0827 0.1041 0.1037 −0.3109 0.2094 0.2099 0.7462 0.208
Std. Dev. 0.2510 0.2509 0.2512 0.1691 0.1573 0.1572 0.5730 0.2839 0.2838 0.8748 0.296
Skewness −1.4741 −1.6064 −1.5883 −0.6114 −0.6009 −0.6057 −2.4479 −1.8855 −1.8823 −0.1032 −1.2
Kurtosis 19.8228 20.2632 20.1673 6.8633 7.6933 7.6790 22.6506 17.2420 17.2181 5.3912 14.09
Sharpe 0.6767 0.7645 0.7735 0.4791 0.6508 0.6487 −0.5456 0.7313 0.7335 0.8511 0.697
Kappa 1 0.1554 0.1793 0.1824 0.0911 0.1240 0.1236 −0.1092 0.1578 0.1582 0.1495 0.144
Kappa 2 0.9031 1.0153 1.0284 0.6614 0.8997 0.8964 −0.6568 0.9523 0.9553 1.2509 0.945
Kappa 3 1.2678 1.4141 1.4331 1.1074 1.4959 1.4903 −0.9253 1.3583 1.3628 2.1864 1.390
Kappa 4 1.3886 1.5529 1.5739 1.3430 1.7729 1.7667 −1.0135 1.5124 1.5174 2.6152 1.540
Omega 1.1554 1.1793 1.1824 1.0911 1.1240 1.1236 0.8908 1.1578 1.1582 1.1495 1.144

Panel C: 22 days rebalance

Stat. Traditional
equities

Traditional + ESG
equities Gold

Gold + ESG equities
Crude oil

Crude oil + ESG
equities Bitcoin

Bitco
equit

Constr. Short S. Constr. Short S. Constr. Short S. Cons

Mean 0.1716 0.2081 0.2244 0.0827 0.1252 0.1240 −0.3109 0.1187 0.1209 0.7462 0.203
Std. Dev. 0.2510 0.2515 0.2516 0.1691 0.1632 0.1634 0.5730 0.3070 0.3069 0.8748 0.295
Skewness −1.4741 −1.6000 −1.6114 −0.6114 −0.4574 −0.4639 −2.4479 −2.7531 −2.7520 −0.1032 −1.3
Kurtosis 19.8228 20.5453 20.5747 6.8633 8.4552 8.4491 22.6506 25.6910 25.6939 5.3912 14.56
Sharpe 0.6767 0.8203 0.8852 0.4791 0.7563 0.7485 −0.5456 0.3812 0.3883 0.8511 0.682
Kappa 1 0.1554 0.1922 0.2093 0.0911 0.1464 0.1449 −0.1092 0.0844 0.0860 0.1495 0.141
Kappa 2 0.9031 1.0888 1.1752 0.6614 1.0609 1.0492 −0.6568 0.4819 0.4909 1.2509 0.918
Kappa 3 1.2678 1.5170 1.6359 1.1074 1.7501 1.7304 −0.9253 0.6515 0.6635 2.1864 1.347
Kappa 4 1.3886 1.6660 1.7967 1.3430 2.0639 2.0414 −1.0135 0.7009 0.7137 2.6152 1.492
Omega 1.1554 1.1922 1.2093 1.0911 1.1464 1.1449 0.8908 1.0844 1.0860 1.1495 1.141

This table reports on the summary statistics of the observed returns (top four rows) and different performance measures (low six rows) for th
divided into constrained (Constr.) and not constrained short selling (short S.). The information regarding the different rebalancing frequencies
the daily evaluation, while Panels B and C detail the weekly and monthly assessments, respectively. By rows the information could be divided i
of the distribution, classical performance ratios (Sharpe) and downside risk measures (Kappa and Omega indices).
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downside risk measure behavior of portfolios that include these assets. As a result of the shortage of related empirical
research covering the COVID-19 outbreak, this study employs an AR (1)-GARCH (1,1) approach to model the marginal
distributions, and a DCC skew Student copula method to fit the conditional dependencies via Kendall’s tau. The conditional
covariances for each ESG-asset combination are used to calculate a minimum variance portfolio rebalancing process that
alternately allows and restricts short positions. In this study, we measure the benefits of combining clean energy stocks
with individual assets in terms of overall risk-return (Sharpe ratio) and downside risk-return (Kappa ratio and Omega
ratio).

First, from the perspective of risk, high individual risk and dependence between different asset classes are evident
on the ongoing of the pandemic, which supports the expanded view of greater interconnectedness between financial
markets during times of high market volatility. However, clean energy stocks may be able to provide a relevant degree
of diversification in the overall equity market over the whole period 2020–2021. Moreover, clean energy stocks can be
used as a diversifier and a hedge for investments in commodities, cryptocurrencies, and Treasury securities, since the
correlation with them is very low (roughly 0.20). According to the minimum variance portfolio analysis, SRI can be used
for diversification during the pandemic turmoil and subsequent period since it can be used as a tool to reduce risk exposure
across all asset combinations and for every frequency of rebalancing.

Second, from the point of view of performance, adding ESG stocks improves portfolio performance for almost all asset
classes, particularly with regard to gold and crude oil. Although the relative improvement in traditional equities (the
Sharpe ratio increases by 15%) is more subtle, it is especially relevant since the proxy of traditional equities is per se a
idely diversified portfolio. Downside risk measures also provide results that support those obtained for the Sharpe ratio.

n addition, although Bitcoin’s performance deteriorates when combined with ESG stocks according to the Sharpe ratio,
hen considering negative extreme returns, SRI are not only able to mitigate the risks of investing in Bitcoin, but also to
reserve its performance.
The results on the diversifying benefits of clean energy assets may help to design optimal policies to accelerate

he transition to a more sustainable economy. Policy actions are essential to achieving global environmental and
limate targets in the sense of promoting renewable energy systems and supporting capital mobilization for sustainable
nvestments. Policy makers must understand the impact that external shocks, like the ongoing sanitary crisis, may have
n the demand for green financial instruments in order to reinforce the relevance of supportive policies in the field
57
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of sustainable financing. Beyond environmental concerns, the results of this study suggest that in times of financial
turmoil investors are likely to demand renewable energy assets for diversification or hedging purposes. Moreover,
the methodological approach we follow amplifies the relevance of our results to policy makers and investors because
the correlation and portfolio performance analysis considers the presence of extreme down movements in the selected
assets, which is especially suitable in a period of financial instability such as the COVID-19 crisis.

Finally, this study leaves open several avenues for future research. In particular, it urges further insight into the
performance of ESG portfolios by considering other green assets. For instance, clean energy stocks that provide broader
exposure to the renewable energy sector, green bonds that account for the performance of the ESG fixed income market
or even the brand-new green cryptocurrencies, which offer exposure to the speculative market of digital currencies but
with a focus on reducing energy consumption in the mining process. Recent events have brought the need to accelerate
the green energy transition to the forefront, so it also encourages investigating the effects of these events on the diversifier
properties of renewable energy equities.

Appendix A. Dynamic portfolio weights: 5 day rebalance

This Fig. A.1 presents the weight evolution for minimum variance portfolios constructed by combining the ETFs of
each asset class and the ETF of ESG equities over the years 2020 and 2021 for the 5 day rebalance under constrained
portfolios.

Appendix B. Dynamic portfolio weights: 22 day rebalance

This Fig. B.1 presents the weight evolution for minimum variance portfolios constructed by combining the ETFs of
each asset class and the ETF of ESG equities over the years 2020 and 2021 for the 22 day rebalance under constrained
portfolios.

Appendix C. Supplementary data

Supplementary material related to this article can be found online at https://doi.org/10.1016/j.eap.2022.05.001.
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