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Abstract: It is well noted in the literature that volatility responds differently to positive and negative
shocks. In this paper, we explore the impact of ESG ratings on such asymmetric behavior of volatility.
For this analysis, we use the return data, ESG ratings, and solvency ratios of the constituent stocks
of S&P Europe 350 for the period January 2016–December 2021. We apply autoregressive moving
average models for the conditional means and GARCH and stochastic volatility models for the
conditional variances to estimate the asymmetry coefficients. Afterwards, these coefficients are
regressed via Arellano–Bond and lagged first difference methods to estimate the impact of ESG
ratings. Our findings confirm that stocks of riskier firms are more likely to suffer from asymmetry
behavior of volatility. We also confirm that firm leverage is linked to this asymmetry behavior. We
found evidence that the impact of ESG ratings was negative before COVID-19, but positive afterwards.
For some sectors, higher ESG ratings are linked to higher asymmetry. Finally, we found that during
COVID-19, the asymmetry behavior became more pronounced.

Keywords: asymmetric effects; leverage effects; GARCH; stochastic volatility; ARMA; ESG; CSR;
COVID-19; estimated dependent variable
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1. Introduction

One of the stylized facts about financial returns is the leverage effect, which refers to
the negative correlation between the current return shocks and future volatility shocks. A
special case of the leverage effect is the asymmetric effects in volatility, which implies that a
negative return shock would increase the volatility much more than a positive return shock
of the same magnitude. It may even be the case that positive return shocks would decrease
future volatility. Hence, as explained in Asai et al. (2006), not all asymmetric effects would
imply leverage effects.

There have been many papers proposed to capture asymmetric effects in the con-
ditional volatility models such as the Glosten, Jagganathan, and Runkle (GJR)-GARCH
of Glosten et al. (1993), the asymmetric GARCH (AGARCH) and nonlinear asymmetric
GARCH (NAGARCH) of Engle and Ng (1993), and the exponential GARCH (EGARCH)
of Nelson (1991), among many others. Teräsvirta (2009) gives a good overview of the
conditional volatility models, including those that adapt for asymmetric effects.

The asymmetry behavior in volatility is in a way related to how the investors react
to good and bad news (Black 1976; Christie 1982; Nelson 1991 among others). Bad news
brings about more uncertainty, hence increased risk, in the stocks they invest in. Christie
(1982) points out that the asymmetric effect can be related to the financial leverage of the
firms. As noted in Ghysels et al. (1996), falling stock prices imply a lower equity value for
the firms, and if the debt level stays the same, this implies an increased leverage for the
firms. This, in turn, would bring more uncertainty, and hence more volatility. However,
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Black (1976), Christie (1982), Schwert (1989), and Ghysels et al. (1996) note that financial
leverage of firms may not be sufficient to explain the leverage effects in financial returns.

There are some contradictory findings in the literature with regard to explaining
leverage effects with firm leverage. Choi and Richardson (2016) for example find evidence
that financial leverage has a significant and large influence on the equity volatility. However,
Hens and Steude (2009) state that the leverage effect does not necessarily come from the
financial leverage of the firms.

In this paper, we explore if firms maintain higher ESG profiles, the asymmetric effects
in the volatility of their stocks is reduced. In other words, we analyze if high ESG ratings
would reduce the size of the increase in the volatility of a stock in the face of negative
news. The motivation follows from the fact that investors may perceive stocks with higher
ESG profiles as long-run investments and hence less risky. Therefore, their reaction to
bad news is relatively more stable. The argument here is in line with the discussion of
Cerqueti et al. (2021) that ESG-related assets are not likely to be sold in the event of crisis
since the investors consider them as long-term investments. Moreover, they are not yet
commonly preferred assets; hence, they are less vulnerable to shocks. On the other hand, it
has been documented that the investors may see ESG-related activities as an additional risk
(see, for example, Lundgren et al. 2018; Ionescu et al. 2019; Friede et al. 2015). Although
the impact of ESG ratings on the financial performances of firms is studied extensively in
the literature, to the best of our knowledge, there is no work relating it to the asymmetry
behavior in volatility.

The chosen research problem is important at least in two directions. Stock market
investors definitely care about all the possible leading information that could signal how
the stock returns and volatility will evolve. If a firm’s stock is suffering from asymmetric
effects, it is valuable to investors to know what further ESG-related investments would
bring about. Naturally, the investors would consider if the firm is taking additional risks
or perhaps taking a step to reduce the asymmetric effect. On the other hand, asymmetric
effects that individual stocks are suffering can be related to the overall risk of the stock
market. Firms who are riskier than the market, suffering from the asymmetric effect, and
taking additional risks while engaging in ESG-related activities bring about higher threat
to the stock market. Hence, researchers and practitioners working in the field of systemic
risk would find the research of this paper useful.

For this analysis, we used the constituent stocks of S&P Europe 350 for the period
January 2016–December 2021. The data partly correspond to the COVID-19 pandemic
period, which provides an option to study its influence on the partial effects. We take the
return data of each year separately and fit autoregressive moving average models to each
stock return, taking into account the outliers and market returns. Afterwards, we fit the
GJR-GARCH model of Glosten et al. (1993), the AGARCH and NAGARCH models of Engle
and Ng (1993), and the SVL model of Harvey and Shephard (1996) to each series. Therefore,
for each year between 2016 and 2021 and for each stock, we obtain asymmetric effects and
leverage effects’ coefficients. Using the ESG ratings we collected for each stock and the
solvency ratios of each corresponding firm, we estimate fixed effects models to study the
effect of ESG ratings on the asymmetry coefficients. To alleviate the heteroscedasticity of
using an estimated dependent variable, we weight the regressors by the standard error
of the dependent variable following Hornstein and Greene (2012). On the other hand, we
apply Arellano–Bond and lagged first difference methods to account for possible reverse
causality (see Arellano and Bond 1991; Allison 2009; Leszczensky and Wolbring 2022).

Our findings suggest that for stock prices, firms that are riskier than the market, i.e.,
firms with higher betas, are more likely to suffer from the asymmetric behavior. One
explanation could be that if the market is experiencing a shock and a stock is riskier than
the market, the investors are likely to react strongly, and this reflects as a strong jump in
the volatility process. We also found that solvency ratios are negatively linked with the
asymmetry behavior. Since the solvency ratio is related to the inverse of firm leverage, we
can confirm the existing results in the literature that firm leverage is linked to the asymmetry
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behavior. We also found that during COVID-19, the asymmetry behavior in volatility was
higher on average. This can be explained by the increased uncertainty during the COVID-
19 time, as it is understandable that investors could react more drastically to negative
shocks under uncertainty. In terms of the impact of ESG ratings, the results were hard to
generalize, as the effects were sector-specific. The results suggested that high ESG ratings
are associated with lower asymmetry before COVID-19, but with higher asymmetry after
COVID-19. We also found that higher ESG ratings are associated with higher asymmetry
for the Communications, Financials, Healthcare, Industrials, and Utilities sectors. We could
extrapolate this finding to the Consumer Discretionary, Energy, and Real Estate sectors
as well.

The rest of the paper is structured as follows. Section 2 gives a literature review
on the asymmetric effects and leverage effects and also on the studies of the impact of
ESG ratings on the financial performances of firms. Section 3 explains the conditional
mean and conditional variance models used to extract the asymmetry coefficients and
afterwards describes the fixed effects methods used for exploring the causality between
ESG ratings and asymmetry behavior. Section 4 describes the returns data of the stocks
and also provides descriptive statistics and histograms on the annual betas, ESG ratings,
and solvency ratios of the firms by country and sector. Section 5 discusses the findings on
the asymmetry coefficients and on the impact of ESG ratings following the Arellano–Bond
estimation method. Section 6 discusses the other methods considered for robustness. In
particular, we present here the results of the lagged first difference method and compare
the findings. Section 7 concludes and gives suggestions for further research.

2. Literature Review
2.1. Asymmetric Effect and Leverage Effect in Volatility

One of the stylized facts about financial returns is the negative correlation between
current returns and future volatility (Ghysels et al. 1996). This observation was noted by
many papers such as Black (1976); Christie (1982); and Nelson (1991) and was considered
conventionally under the general name of “leverage effects”.

The financial econometrics literature mainly mentions two possible sources for the
leverage effects, namely the firm leverage and volatility feedback effects (Carr and Wu
2017). There have been many papers discussing that the leverage effect is due to the
financial leverage positions of the firms. The general idea behind this way of thought is
that falling stock prices imply a lower equity value for the firms, and given the same level
of debt, it implies an increased leverage for the firms. This reflects as future uncertainty,
hence as higher future volatility (Christie 1982; Choi and Richardson 2016). In our paper,
we use asset-based solvency ratios of the firms as a proxy for the inverse of the financial
leverage of the firms (Wagner 2003). The solvency ratio represent a firm’s ability to cover
the long-term debt.

While this could indeed be one reason behind the leverage effect, some authors
defended that there is more to it than just the financial leverage. Black (1976), Christie
(1982), Schwert (1989), Ghysels et al. (1996), and Hens and Steude (2009), among others,
suggest that financial leverage alone cannot explain the leverage effects in volatility.

One other explanation for the leverage effects is the volatility feedback. A particular
firm’s risk position can change over time with respect to the market, and given the expec-
tations on the cash flow, the increased future risk reflects in the current stock price of the
firm, often reducing it (Carr and Wu 2017; Bekaert and Wu 2000; Campbell and Hentschel
1992). Indeed, this is also mentioned in Adrian and Shin (2010), that firms may change
their financial leverage positions according to the market conditions. On the other hand,
Cho and Engle (1999) suggests that the leverage effect could result from financial leverage,
as well as the market risk premium. The take-away point from the volatility feedback
concept for our paper is that higher risk compared to the market is one source that feeds
the leverage effect. This justifies our choice of using betas of firms as one of the regressors.
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Asymmetric effects in volatility comprise a particular case of the leverage effects. Often,
these two terms are confused with each other. Asai et al. (2006) and Asai and McAleer
(2011) clearly explain different types of asymmetry and how they relate to leverage effects.
In asymmetric effects, the impact of positive and negative shocks on the future volatility
can be different. In particular, a negative shock increases future volatility more than a
positive shock of the same magnitude would. It is also possible that a positive shock could
reduce future volatility (Asai and McAleer 2011). Therefore, although every model with
leverage effects exhibits asymmetry behavior, not all asymmetric effect models present
leverage effects (Asai et al. 2006).

There are many different volatility models proposed in the generalized autoregressive
conditional heteroscedasticity (GARCH) and stochastic volatility (SV) context. The ap-
proaches such as the GJR-GARCH model of Glosten et al. (1993) and the threshold GARCH
model of Zakoian (1994) use a direct and linear approach to distinguish the impact of
positive and negative return shocks. On the other hand, there are nonlinear other meth-
ods such as the exponential GARCH (EGARCH) model of Nelson (1991), the asymmetric
GARCH (AGARCH) and nonlinear asymmetric GARCH (NAGARCH) models of Engle
and Ng (1993), and the asymmetric power ARCH model of Ding et al. (1993), among others.
Hentschel (1995) and Degiannakis and Xekalaki (2004) are two survey papers covering the
asymmetric GARCH models.

In the stochastic volatility context, the leverage effect is represented by the negative
correlation between current return shocks and future volatility shocks. Harvey and Shep-
hard (1996) proposed a univariate stochastic volatility model with leverage (SVL), which
assumed a multivariate normal distribution for the standardized return and volatility
shocks, whose variance matrix was non-diagonal. The off-diagonal term of this variance
matrix was the leverage effect coefficient. Jacquier et al. (2004) proposed a similar model
where such correlation was specified between the same period return and volatility shocks.
Yu et al. (2002) provided empirical evidence supporting the version of the model of Harvey
and Shephard (1996) rather than that of Jacquier et al. (2004). Another stochastic volatility
model with leverage effects was proposed by So et al. (2002) under the name the threshold
SV model, and Li et al. (2019) extended this model to include other explanatory variables.
Li et al. (2019) also provides a short review of the other stochastic volatility models with
leverage effects.

In our paper, we focus on the GJR-GARCH, AGARCH, NAGARCH, and SVL models,
since they capture the asymmetry behavior with only one parameter. Once this parameter
is estimated, it becomes the dependent variable in further regressions to study the impact
of ESG ratings on asymmetry behavior.

2.2. ESG Ratings and Financial Performance of Firms

There has been extensive research about how the financial performance of firms is
related to the corporate social responsibility (CSR) or environment, social, and governance
(ESG), but they present diverging results.

On one side, we have the papers that suggest that firms should maintain high ESG-
related activities and keep their ESG ratings high. For example, using daily data from the
Dow Jones sustainable and conventional indices, Balcilar et al. (2017) finds that socially
responsible investments help reduce the volatilities of the equity portfolios. After analyzing
more than 5000 stocks from different stock markets, Lööf et al. (2021) shows that stocks with
higher ESG ratings exhibit lower tail risk, but also yield lower upside return potential. The
research by Giese et al. (2019) relates high ESG ratings to lower tail risk and a long-term risk
premium. Furthermore, Friede et al. (2015) conducted a meta-analysis and found that ESG
investments affect financial performance positively. Similar results are reported by another
meta-analysis by Clark et al. (2015). There are also papers such as Boubaker et al. (2020), Lai
et al. (2010), and Michelon (2011), which related high ESG ratings with a lower likelihood
of financial crash. In particular, the latter two papers suggest that high ESG ratings bring
better reputation for a firm’s name and hence reduce the impact of negative news on that
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firm’s financial performance. Along these lines, Sun and Cui (2014) suggests that corporate
social responsibility reduces the default risks of firms. Oikonomou et al. (2012) finds that
ESG ratings are weakly and negatively related to the firms’ own risk. Bae et al. (2021) report
that higher ESG ratings help reduce the stock price crash risk, but note that firms with
higher financial constraints may hide unfavorable information and that this effect may be
suppressed. Using the data obtained from the S&P 1500 stocks, Gregory (2022) showed
that non-financial firms with better EGS scores had better performance during COVID-19.
Further supporting evidence was given by Sonnenberger and Weiss (2021) for the insurance
firm, in which they found that higher ESG-related activity was linked to lower tail risk.
Eratalay and Cortés Ángel (2022) found that higher ESG ratings are associated with lower
systemic risk contribution and exposure in S&P Europe 350 stocks.

Another line of research suggests that maintaining high ESG ratings may not yield
such benefits and perhaps would increases risk. For example, based on many studies and
experiments, Revelli and Viviani (2015) concluded that socially responsible investments
do not yield better financial performance as compared to conventional alternatives. Khan
(2022) provides a meta-analysis on the ESG ratings and financial performance and reports
contrasting findings. Luo (2022) found that high ESG ratings are related to low returns
for U.K. firms. Moreover, interestingly, their results suggest that the ESG premium is
only significant for the less liquid firms. Bolton and Kacperczyk (2021) found that higher
carbon emissions are positively related to higher returns in U.S. stock markets. Kuzey
et al. (2021) reported results that corporate social responsibility is linked to added value for
the firms in the financial sector, but not in the healthcare and tourism sectors. Lundgren
et al. (2018) found that European renewable energy stocks may bear more risks compared
to non-renewables. Lee et al. (2013) find no significant increase in risk-adjusted returns
when high sustainability stocks are considered, in comparison to low sustainability ones.
Friede et al. (2015) mentions many studies where the authors found negative relations or,
at best, neutral relations between ESG ratings and financial performance. Supporting this
finding, Lopez-de Silanes et al. (2020) suggests that ESG performance has no impact on
risk-adjusted financial performance. Ionescu et al. (2019) found evidence for the tourism
sector that the governance factor in ESG ratings may have a positive impact on the value of
the firms, while the social factor has a negative impact. The authors claimed that investors
may regard governance investments as a sign of stability, while social investments may
bring additional risk for the firms.

3. Methodology

In this section, we discuss the econometric methodology. We first estimate the financial
econometrics models for the conditional mean and conditional variance equations of each
series. After extracting the asymmetric effect coefficients for each volatility model, we apply
fixed effects regressions where the asymmetry coefficients are the dependent variables. We
analyze the impact of ESG ratings on the asymmetric volatility behavior while controlling
for the effects of the firms’ betas and solvency ratios and COVID-19.

3.1. Conditional Mean

For each of the constituent stocks of S&P Europe 350, we construct an ARMA(P,Q)
model in the following way:

ri,t = µi + φirSP350
t−1 +

P

∑
p=1

βi,pri,t−p + εi,t +
Q

∑
q=1

θi,qεi,t−q (1)

εi,t ∼ N(0, hi,t)

where ri,t is the returns from series i. µi is the intercept coefficient. βi,p is the autoregressive
coefficient that corresponds to lag p. θi,q is the moving average coefficient that corresponds
to lag q. φi is the coefficient of the returns on the S&P Europe 350 Index, which is included
in the equation to capture the impact of the trend of the market on the series. Although we
do not present it in the model, we also considered a dummy variable for each positive and
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negative outlier for each series. A return is marked as an outlier if it is 3 standard deviations
away from the mean1. We assumed that the error term, εi,t is normally distributed with
zero mean and a conditional variance hit. The quasi-maximum likelihood estimators based
on this assumption yield consistent and asymptotically normal estimators (see Bollerslev
and Wooldridge 1992; Carnero and Eratalay 2014).

For each series, we considered up to five lags of autoregressive and moving average
orders and chose the optimal ARMA order according to Akaike’s criterion (AIC). Using
the residuals from the ARMA models, we estimated the conditional variance models. The
estimation of the conditional mean and variance models in separate steps is discussed
theoretically in Bollerslev and Wooldridge (1992) and analyzed with simulations in Carnero
and Eratalay (2014).

3.2. Conditional Variance

In this paper, our focus is on the asymmetric volatility coefficient. We considered
various volatility models to avoid model-dependent results. In a typical GARCH model,
the effect of positive and negative shocks, namely εi,t, is the same on volatility:

hi,t = wi +
K

∑
k=1

ai,kε2
i,t−k +

S

∑
s=1

bi,shi,t−s (2)

where i denotes the series i. In this model, the volatility at t + 1 depends on the previous
period squared residuals ε

(2)
i,t and volatilities hi,t. The typical restrictions on the parameters

ai and bi are wi > 0, ai,k, bi,s > 0, and ∑k,s ai,k + bi,s < 1. The former ones guarantee that
hi,t is always positive, and the latter one is the stationarity restriction. Since the residual
is directly squared, a negative shock would increase volatility the same way as a positive
shock of the same magnitude.

3.2.1. GJR-GARCH

GJR-GARCH was proposed by Glosten et al. (1993) and named after the initials of their
names. In this model, there is an additional coefficient that controls for the asymmetric
effect of the negative return shocks. The model is given in Equation (3) as:

hi,t = wi +
K

∑
k=1
{ai,k + δi,k I(εi,t−k < 0)}ε2

i,t−k +
S

∑
s=1

bi,shi,t−s (3)

where I(εi,t−k < 0) is an indicator function that takes the value of 1 if εi,t−k is negative, and
zero otherwise. Therefore, a one-unit negative shock would increase volatility by ai,k + δi,k,
while a one-unit positive shock would only increase it by ai,k. Typically, it is assumed that
wi > 0, ai,k, δi,k, bi,s ≥ 0 would be a sufficient condition to have hi,t > 0 for all i and t.
However, this assumption is too restrictive. Stavroyiannis (2018) notes that δi,k could in fact
take negative values, since some assets such as gold may act as a “safe haven” in times of
crisis. In such times, future volatility may be more affected by positive return shocks than
negative ones. Hence, we followed the following restrictions: wi > 0, ai,k > 0, ai,k + δi,k > 0,
bi,s > 0. The stationarity restriction is given as: ∑k,s ai,k + 0.5δi,k + bi,s < 1.

3.2.2. AGARCH and NAGARCH

Asymmetric GARCH (AGARCH) and nonlinear asymmetric GARCH (NAGARCH)
are given in the paper of Engle and Ng (1993). The AGARCH model has a coefficient that
multiplies the return shock to generate asymmetry:

hi,t = wi +
K

∑
k=1

ai,k(εi,t−k − δi,k)
2 +

S

∑
s=1

bi,shi,t−s (4)

Compared to a GARCH model, in the AGARCH model, there is an extra term that
generates the asymmetric effect: −2ai,kδi,kεi,t−k. Given that ai,k > 0, when δi,k > 0, we
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would observe the asymmetric effect that negative return shocks increase the future volatil-
ity more than the positive ones. In fact, positive shocks would decrease the future volatility.
However, following the same way of thought as in GJR-GARCH, we do not impose the
restriction δi,k > 0. This is also mentioned in Engle and Ng (1993) and Teräsvirta (2009).
The other parameter restrictions are as in the GARCH model.

The NAGARCH model allows for a more flexible setup by allowing the interaction of
the return shock and standard deviation:

hi,t = wi +
K

∑
k=1

ai,k(εi,t−k − δi,kh1/2
i,t−k)

2 +
S

∑
s=1

bi,shi,t−s (5)

With a similar derivation, in the NAGARCH model, the asymmetry is produced by
−2ai,kδi,kεi,t−kh1/2

i,t−k. Given that ai,k > 0 and h1/2
i,t−k > 0, we would observe the asymmetric

effect if δi,k > 0, although as in GJR-GARCH and AGARCH, we do not impose this
restriction. For the stationarity of the volatility process, we assume that ∑k,s ai,k(1 + δ2

i,k) +
bi,s < 1. The rest of the parameter restrictions are as in the GARCH model.

For estimating the conditional mean models and the GARCH models, we used the
MFE Toolbox of Kevin Sheppard (OXFORD)2. This code uses quasi-maximum likelihood
estimation and imposes the parameter restrictions as discussed above.

3.2.3. Stochastic Volatility with Leverage

While conditional volatility processes are data driven, the stochastic volatility models
are parameter driven (Koopman et al. 2016). In the stochastic volatility context, the leverage
effect refers to the negative correlation between the return shocks and volatility shocks.
Harvey and Shephard (1996) proposed the following form for the stochastic volatility
model with leverage:

yi,t = h1/2
i,t νi,t (6)

log(hi,t+1) = ci + γilog(hi,t) + h1/2
i,η ηi,t(

vi,t
ηi,t

)
∼ N

((
0
0

)
,
(

1 ρ
ρ 1

))
In this paper, we use the estimation code of Chan and Grant (2016)3 for the stochastic

volatility model with leverage, as defined by Harvey and Shephard (1996). Chan and Grant
(2016) estimate the model by the Bayesian Monte Carlo Markov chain (MCMC) technique.
We applied the model in Equation (6) to the residuals of the model in Equation (1). Therefore,
yi,t in Equation (6) is nothing but the filtered errors from Equation (1).

3.3. Fixed Effects Regression

After estimating the conditional mean and conditional variance models, we obtain an
asymmetry coefficient for each stock, for each year. Moreover, for every variance model,
we have different asymmetry coefficients.

As explained in the literature review, the asymmetric effects in volatility could be due
to the leverage of the firms. Thus, the financial leverage of the firm should be controlled for.
In addition, as Aharon and Yagil (2019) found, the variance of stock returns is related to a
firm’s leverage. Moreover, as discussed in Braun et al. (1995), market volatility is actually
part of a stock’s volatility. Cho and Engle (1999) argues that asymmetric effects result from
financial and operational leverage and market risk premium. Following these papers, we
can conclude that even though a firm is financially in good shape, if the market is going
down and the firm’s stock is riskier than the market, this will cause fear for its investors.
Hence, we included the market beta of each stock for each year as a regressor. We calculated
the market beta as the covariance between the stock returns and market returns, divided by
the variance of the market returns for each year. We also included the COVID-19 dummy
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variable, which takes the value of 1 for years 2020 and 20214. The treatment variable in our
case is the ESG ratings, since we explored empirically if maintaining higher ESG ratings
would reduce asymmetric effects. In Table 1, we present the dependent and independent
variables of the fixed effects regressions.

Table 1. Short description of the variables.

Variables Description Source
Asymmetric effects coef-
ficients

Estimated coefficients of asymmetry from
the GJR-GARCH, AGARCH, NAGARCH,
and SVL models

Author’s calculations

Market beta A stock’s exposure to market risk, calculated
as the covariance of a stock return with the
market return, divided by the variance of the
market return

Author’s calculations

Solvency ratio Asset-based solvency ratios of the firms to
proxy the inverse of firms’ leverage positions

Orbis Europe

ESG ratings ESG ratings of the firms S&P Global
COVID-19 Dummy variable for years 2020 and 2021 to

account for the COVID-19 effect
Notes: This table gathers the variables we used for the fixed effects regressions and indicates their sources.

The first model that comes to mind is the typical fixed effects regression as in Equa-
tion (7), where the firm names are treated as the panel ID. In such a regression, the un-
observed heterogeneity is in each firm’s own financial and operational features. The
dependent variable is the asymmetry coefficient obtained from the time series models, and
the independent variables are the betas, ESG ratings, solvency ratio, COVID-19 pandemic
dummy variable, and their interactions:

yi,t =
K

∑
j=0

θjXj,i,t + αi + εi,t (7)

A possible concern arises due to reverse causality. For example, the informed investors
know which stocks are riskier. Consequently, they would react very quickly when there are
negative shocks to the price of these stocks. This behavior is incorporated in the volatility
of the stock. Hence, asymmetry might affect the beta of a stock. Another argument could
be that firms whose stocks exhibit asymmetric effects in their volatility may want to invest
in ESG-related activities to soften the reactions of the investors to bad shocks. Therefore,
ESG-related investments can happen because of the asymmetric effects behavior of the
stocks. Hence, we should consider methods that address the effects of possible reverse
causality issues. The methods we consider follow from Leszczensky and Wolbring (2022).

As Bellemare et al. (2017) discusses, quite a few articles in the past considered that
if the independent variables, i.e., Xi,t, are lagged as in Equation (8), then the endogeneity
problem would disappear. However, Bellemare et al. (2017) argues that while trying to
solve the problem of endogeneity, this method introduces the serial correlation problem.

yi,t =
K

∑
j=0

θjXj,i,t−1 + αi + εi,t (8)

Another model that is discussed in Leszczensky and Wolbring (2022) is the first
difference model. In particular, the lagged first difference model (LFD) was proposed
to handle reverse causality by Allison (2009). This approach applies a first difference to
Equation (8) to eliminate the unobserved heterogeneity. Some empirical papers using
this model are England et al. (2007) and Leszczensky (2013). In the LFD model, the first
difference of the dependent variable is regressed on the first difference of the lagged
dependent variables without a constant. Vaisey and Miles (2017) argued that if the lag
specification is not correct, the results of this method can be severely biased.
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Finally, the method that is favored relatively more by Leszczensky and Wolbring (2022)
is the dynamic panel data method suggested by Anderson and Hsiao (1981) and Arellano
and Bond (1991), which takes Equation (9) and regresses the first differenced dependent
variable on its first lag and on the first differenced regressors.

yi,t = ρyi,t−1 +
K

∑
j=0

θjXj,i,t + αi + εi,t (9)

Although the Arellano–Bond (AB) estimator effectively eliminates the reverse causality
problem, it has been shown to have downward bias problems if there is a large number of
moments or weak instruments (for example, see Cheng 1996 and Newey and Windmeijer
2009). Our main focus will be on the AB estimator, while we will present results for the
LFD model for robustness analysis.

Whether we use the LFD or AB approach, another technical problem we run into is
using estimated coefficients as dependent variables, which appears because of including
asymmetric effect coefficients as the dependent variables. In the first stage, we estimated
the asymmetric effects coefficients, and in the second step, we used them as dependent
variables. This results in heteroscedasticity in the second step of the estimation. Hornstein
and Greene (2012) argue that if the regressors of the second step estimation are weighted by
the inverse of the standard error of the dependent variable, which is obtained from the first
step estimation, the potential problem of heteroscedasticity in the second step estimation
can be mitigated. Durnev et al. (2004) and Greene et al. (2009) are some examples where
coefficient estimates from the first stage regression are used as dependent variables in the
second stage panel data estimation. Our methodology here is closer to Greene et al. (2009)
since the dependent variable of the second stage regression is a linear function (actually
the parameter itself) of the coefficient from the first stage regression. Hence, the discussion
of Hornstein and Greene (2012) directly applies to our fixed effects regression, and our
variables should only be weighted by the standard error of the asymmetry coefficient
estimates. We denote the two estimation methods discussed above as AB-GLS and LFD-
GLS, to refer to the adjustment by the standard deviation.

To summarize, we have 4 different volatility models (AGARCH, NAGARCH, GJR-
GARCH, stochastic volatility). Our focus will be on the AB-GLS estimator, but we will also
report our findings for the LFD-GLS model, keeping in mind that LFD-GLS may suffer
from bias if the lag is misspecified (Leszczensky and Wolbring 2022).

4. Data

We obtained the daily returns data for the constituent stocks of S&P Europe 350 for the
period 4 January 2016–31 December 2021. The returns were calculated by the log-difference
formula using the adjusted closing prices of the stocks. S&P Europe 350 lists the largest
and most liquid stocks in developed European countries. The investors of these stocks very
closely follow any news or signals that might affect the returns or volatilities of these stocks.
Hence, the S&P Europe 350 market is very convenient to study if indeed the ESG ratings
affect the asymmetry behavior. The list of stocks were provided to us by S&P Global as of
December 2019. We retrieved the price data of these constituent stocks from Yahoo Finance
on 5 May 2022. To capture the impact of the market trend on the stock returns, we also
used the S&P Europe 350 Index for the same period.

We collected the annual ESG ratings data from S&P Global.5 The website makes ESG
ratings available for only some firms and for the most recent 5 years. Since we retrieved the
data on 25 March 2021 and 5 May 2022, we have the ESG ratings for the years 2016–2021.

To capture the impact of the leverage of the firms, we retrieved the annual asset-based
solvency ratio6 data for the same firms from Orbis Europe on 17 May 2022 for the same time
period7. The asset-based solvency ratios were available for most of the firms we focused on
for the period in consideration.
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After compiling the data from these sources based on availability, we had 254 stocks
for which we had the necessary data available for all these variables. To recognize the data
better, we present the bar charts to show from which countries and sectors these come from.
The names of the countries and sectors are abbreviated, but the full names are available
in Tables A10 and A11. From Figure 1, we can see that most of the firms in our data are
from Great Britain, followed by France, Germany, and Switzerland. The least represented
ones in the sample are Austria, Luxemburg, and Portugal. In our analysis, we considered
the subsample of southern countries consisting of France, Spain, Italy, and Portugal. This
subsample is largely led by France and Spain. Figure 2 shows that we have many firms
from the Industrials and Financials sectors, followed by the Consumer Discretionary and
Materials sectors. The least represented ones are the Energy and Real Estate sectors.

In Figure 3, we present the time series plot of the returns of all 254 stocks in our
sample. As we can see, there are some positive and negative outliers in each series. The
econometric model we discussed in Section 3 considers these outliers when modeling the
returns. In Figure 4, we present the boxplots of the descriptive statistics of the return series.
For example, the subfigure that corresponds to the mean shows the boxplot of the vector
containing the means of each return series. In this figure, we can see that the average return
for half of the stocks is slightly positive, between 0 and 0.00005. There are some return
series that have relatively higher standard deviations. When we look at the skewness, we
see that most series are negatively skewed and some series have strong negative skewness.
Finally, as expected, the kurtosis is quite high, attracting attention to the fat tails of the
return distributions.

Figure 1. The number of firms in each country in our dataset. Source: Authors’ calculations.
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Figure 2. The number of firms in each sector in our dataset. Source: Authors’ calculations.

Figure 3. Returns of the S&P Europe 350 index constituent stocks from January 2016 to December
2021. Source: Authors’ calculations.
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Figure 4. On the descriptive statistics of the returns of stocks in the S&P Europe 350 Index from
January 2016 to December 2021. Source: Authors’ calculations.

In Figure 5, we present the histograms of the ESG ratings for all the firms and years,
as well as year by year. From the pooled ESG ratings, we can see that the distribution is
bi-modal and there is about a 40–45-point difference between the two modes. When we
look at the histogram by years, we see that in the higher end of the distribution, the number
of firms with high ESG ratings declined over the years. The numbers were especially high
in 2016 and 2017, and after that, they declined. In the lower tail with ESG ratings of less
than 30, we also see that the number of firms declined in 2021. On the other hand, we see
an increasing trend over the years for the mid-range ESG ratings. For example, in the 40–50
range, we see that the number of firms increased. We can also say that with COVID-19, the
number of firms in the mid-range increased. This means that some firms in the lower tail
started to invest in ESG-related activities more, while some firms in the higher tail engaged
less in ESG-related activities.

Our econometric model contains interaction terms, and hence, when evaluating the
partial effects of the regressors, we need to know their sample means. In Tables 2 and 3, we
present the averages of the regressors by country and by sector. In Table 2, we see that in
southern countries’ (France, Italy, Spain, Portugal) firms are running higher risks compared
to the S&P 350 Europe Index, as the average beta is above 1. On the other hand, in the
non-southern countries, the average beta is 0.9493. We can see that the average ESG rating
is higher for the firms in southern countries, which is very likely due to the investments in
sustainable forms of energy. The solvency ratios of the firms in southern countries are much
lower compared to the non-southern ones. When we look at the betas in Table 3, we see
that the Consumer Discretionary, Energy, Financials, Information Technology, Industrials,
and Materials sectors are running high risks, while the others are less risky than the S&P
350 Europe Index. Interestingly, the Consumer Staples sector has the lowest beta and also
the lowest ESG rating. On the other hand, we see that the average ESG rating for the
Utilities sector is much higher than the others. We can also note that the Financials and
Utilities sectors are suffering in terms of solvency, while the Energy, Healthcare, Materials,
and Real Estate sectors have high solvency ratios. From these tables, it is not possible to
make conclusions on whether high solvency reduces the beta or higher ESG rating causes
less risk.
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Figure 5. ESG ratings of the firms in our dataset. Source: authors’ calculations. (a) ESG ratings for all
firms and years. (b) ESG ratings for all firms for each year.

Table 2. Averages of the regressor variables by the location of the firms.

Beta ESG Solvency R.
All firms 0.9744 56.1548 35.1390
Southern 1.0489 68.7552 27.9963
Non-southern 0.9493 51.9105 37.5450

Table 3. Averages of the regressor variables by the sector of the firms.

Beta ESG Solvency R.
COMM 0.7601 56.7778 33.9336
CDISC 1.0899 55.4444 42.4017
CSTAP 0.6300 48.9275 39.4335
ENG 1.0837 53.4286 45.4547
FIN 1.1801 58.4356 16.6283
HC 0.7450 57.6373 47.9136
IND 1.0494 50.8899 31.4282
IT 1.1006 58.7949 43.4659
MAT 1.1212 60.4444 47.6497
REST 0.7339 50.5556 52.4499
UTIL 0.6825 71.5938 25.5615

Note: The abbreviations and corresponding sector names are given in Table A11 in Appendix A.
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5. Results

In this section, we start with comments on the estimates of the volatility models
focusing on the asymmetry coefficients. Later, we turn to the fixed effects regressions and
discuss the impact of ESG ratings on the asymmetry coefficients.

5.1. Asymmetry Coefficients

The coefficients for the asymmetric effects and leverage effects obtained from the
AGARCH, NAGARCH, GJR-GARCH, and SVL models are presented as histograms in
Figure 6. In these histograms, the bars are colored differently for each year, and for any
given year, there are 254 asymmetry coefficients. It should be highlighted that in the
AGARCH, NAGARCH, and GJR-GARCH models, the asymmetric effects occur if the
parameter estimate is positive. With the SVL model, the leverage effects occur if the
parameter estimate is negative. As Stavroyiannis (2018) notes, the asymmetric effects and
leverage effect parameter with the wrong sign might indicate that the stock is a “safe haven”
in times of crisis. As we can see from the figure, there are stocks for which the coefficient
has the wrong sign for every model.
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Figure 6. The figure shows the estimated coefficients of asymmetric effect models AGARCH, NA-
GARCH, and GJR−GARCH and the leverage effect model SVL. Source: Authors’ calculations.

In Figure 6, we can see that AGARCH estimates for the asymmetric effect coefficient
are distributed as a bell-shaped curve with a peak around zero. When we look at the bars
in each year, we see that the asymmetry coefficient distribution is more negatively skewed
in the year 2020, compared to other years. This is most likely due to the uncertainty that
the COVID-19 pandemic brought to the finance world. In 2021, the distribution of the
asymmetry coefficients became similar to how it was before the COVID-19 pandemic. A
similar behavior is observed with GJR-GARCH coefficients.

When we look at the NAGARCH estimates of the asymmetry parameter, we see that
the distribution has two peaks. One is around zero and the other one is around 1.5. We can
see again that in the year 2020, the asymmetry coefficients were more negatively skewed.
The histograms for the SVL model are telling a slightly different story, that in 2016, the
leverage effect parameters were more positively skewed, similar to the year 2020. This was
noticeable to some extent with the NAGARCH model as well.
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Bekiros et al. (2017) and Bollerslev and Zhou (2006) discuss that these coefficients can
be very model-dependent. Indeed, for the same data and time period, while one model
shows small asymmetry coefficients, the other model could show large ones. In addition,
the best-fitting model could change over the years. For instance, for a specific series, for the
returns of a certain year, GJR-GARCH may be the best fit, while for the next year, the SVL
model performs better. Table 4 shows the proportions for which a certain model was fitting
the volatility of a series the best based on the comparison of the volatility estimates with
squared residuals. The comparison used the root-mean-squared error (RMSE) as a metric
for the distance. We can see that most of the time, the SVL model was fitting the series best,
which is in general followed by GJR-GARCH. The SVL model had its worst performance
for the year 2020, opposite the AGARCH model, which performed the best in 2020.

Table 4. Model performance comparison, based on in-sample volatility estimates.

Years GJR-GARCH AGARCH NAGARCH SVL
2016 0.1496 0.2598 0.1063 0.4843
2017 0.2559 0.1496 0.1181 0.4764
2018 0.1772 0.1772 0.1024 0.5433
2019 0.2362 0.1378 0.1142 0.5118
2020 0.2205 0.3346 0.0787 0.3661
2021 0.2638 0.1299 0.1181 0.4882

Note: This table shows the root-mean-squared error between the estimated volatilities and squared residuals for
each model. Squared returns or residuals can be used for model comparison purposes (see Moreira and Muir
2017; Becker and Leschinski 2021).

In the next subsection, we discuss the results of the fixed effects regressions following
the Arellano–Bond method. In these regressions, we fixed a certain volatility model and
focused on the impact of ESG ratings. As we discussed, a certain volatility model does not
fit the data of all the stocks in all these years well. This brings a limitation to our study
that we may not be dealing with the best-fitting volatility model for each stock and year in
these fixed effects regressions. If we were to proceed by only focusing on the stocks with
the best-fitting volatility models, we would end up with unbalanced panel data and very
few observations in some clusters.

5.2. The Impact of ESG Ratings

In this section, we discuss the results of the panel data regressions. We keep our focus
on the Arellano–Bond estimator applied to the variables weighted by the standard errors
of the dependent variable, i.e., the asymmetric effects or leverage effect coefficient from
the volatility model. In Tables 5 and 6, we present the coefficients from the Arellano–Bond
estimator for the AGARCH, NAGARCH, GJR-GARCH, and SVL models. It is important to
remember here that an increase in the dependent variable means higher asymmetry for the
AGARCH, NAGARCH, and GJR-GARCH models, while it means less leverage effect in
the SVL model.

In Table 5, when we look at the estimation results for the AGARCH coefficients, we
see that there are many insignificant coefficients. For the whole sample and for the non-
southern countries, we can see that the first lag of the asymmetry coefficient is significant
and negative. When considering the whole sample, we see that a higher beta increases
the asymmetry only in the COVID-19 pandemic period, i.e., after 2020. For the whole
sample and for non-southern countries, higher solvency ratios reduce asymmetry only in
the COVID-19 pandemic period. Focusing on the COVID-19 impact, we found that the
marginal effect evaluated at the sample mean is 0.004968. This means that in the COVID-19
pandemic period, the asymmetry coefficient increased. The estimations are most likely
picking up the positive jump in the asymmetry coefficients in 2020. Interestingly, for
the AGARCH model, the coefficients of the ESG ratings or any of its interactions are not
significant; therefore, we say that the marginal effect of ESG ratings is zero9.
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Table 5. AB-GLS estimation results for all models, Part I.

AB-GLS AGARCH NAGARCH
All Firms Southern Non-Southern All Firms Southern Non-Southern

.Lag1 −0.10829 ** 0.02209 −0.14772 *** −0.01884 *** 0.06169 −0.01953 ***
Beta 0.00127 −0.00024 0.00132 −1.39361 * −0.26217 −1.48509 *
ESG 0.00000 0.00002 0.00000 −0.00456 * −0.00402 −0.00473 *
Solvency R. −0.00003 0.00008 −0.00003 0.05820 * 0.01749 0.06152 *
Beta.ESG −0.00002 −0.00001 −0.00002 0.01814 * 0.00832 0.01951 *
ESGSolv 0.00000 −0.00000 0.00000 −0.00062 * −0.00041 −0.00067 *
COVID 0.00285 * −0.00916 * 0.00305 −1.11383 * −1.15177 * −0.11889
ESG.COVID −0.00002 0.00004 −0.00002 0.01782 * 0.01073 0.00176
Beta.COVID 0.00421 *** 0.00740 ** 0.00469 *** 0.26539 0.13665 0.59359
SolvCOVID −0.00006 *** 0.00008 −0.00008 *** −0.01599 * 0.01528 ** −0.02699 *
N. obs. 1016 256 760 1016 256 760
N. groups 254 64 190 254 64 190
Ftest_Pval 0.00000 0.00000 0.00000 0.00000 0.00000 0.00000
BC.MEM. ESG 0 0 0 −0.00867 0 −0.01136
AC.MEM. ESG 0 0 0 0.00915 0 −0.00960

Note: AB-GLS is the Arellano–Bond estimation method where the variables are weighed by the standard error
of the dependent variable. *, **, *** denote significance at 10%, 5% and 1% significance levels. BC.MEM and
AC.MEM indicate marginal effect at sample means before and after COVID-19.

Table 6. AB-GLS estimation results for all models, Part II.

AB-GLS GJR-GARCH SVL
All Firms Southern Non-Southern All Firms Southern Non-Southern

.Lag1 −0.00857 0.11726 −0.00244 −0.06767 * 0.00277 −0.10420 **
Beta 0.03774 0.01383 0.06094 −0.35202 *** −0.62741 *** −0.27979 ***
ESG −0.00332 *** −0.00044 * −0.00437 *** −0.00815 *** −0.00797 *** −0.00757 ***
Solvency R. −0.00047 −0.00041 0.00068 −0.00244 −0.00653 −0.00218
Beta.ESG 0.00245 ** 0.00013 0.00033 0.00334 ** 0.00717 *** 0.00202
ESGSolv −0.00002 0.00001 0.00005 *** 0.00007 * 0.00012 0.00005
COVID −0.15843 −0.09645 −0.03549 −0.02563 0.01659 0.03359
ESG.COVID 0.00267 * 0.00065 0.00338 *** 0.00136 −0.00243 0.00146
Beta.COVID −0.02997 0.08343 *** 0.02110 −0.04560 0.11494 −0.11083 *
SolvCOVID 0.00486 *** −0.00001 −0.00171 ** −0.00086 0.00053 −0.00067
N. obs. 1016 256 760 1016 256 760
N. groups 254 64 190 254 64 190
Ftest_Pval 0.00000 0.00000 0.00000 0.00000 0.00000 0.00000
BC.MEM. ESG −0.00093 −0.00044 −0.00249 −0.00244 −0.00045 −0.00757
AC.MEM. ESG 0.00174 −0.00044 0.00089 −0.00244 −0.00045 −0.00757

Note: AB-GLS is the Arellano–Bond estimation method where the variables are weighed by the standard error
of the dependent variable. *, **, *** denote significance at 10%, 5% and 1% significance levels. BC.MEM and
AC.MEM indicate marginal effect at sample means before and after COVID-19.

In the same table, we have more significant coefficients with the NAGARCH model.
When we consider the whole sample and non-southern countries, we found again that the
autoregressive coefficient is negative and significant. The partial effect of the beta increases
with the ESG ratings. This means that the asymmetry coefficient for the riskier firms rose
further if their ESG ratings were high. This could mean that for the riskier firms, having
high ESG ratings was seen as an additional risk factor, and therefore, the investors were
cautious about any negative shocks for these firms. This finding is in line with Bae et al.
(2021), that if the firms try to hide their unfavorable/risky positions, this may suppress the
good impact of ESG ratings on the financial risk. The partial effect of the solvency ratio
was less for higher ESG ratings and after COVID-19. Therefore, when the firms engaged in
ESG-related activities more, their solvency was reducing the asymmetry effect less. The
marginal effect of the solvency ratio at the sample mean was 0.00739, indicating that the
firms with higher solvency ratios had higher asymmetry coefficients. In particular, we see
that for the southern countries, higher solvency ratios during the COVID-19 pandemic
meant higher asymmetry coefficients. It seems that in the southern countries, COVID-19
reduced the asymmetry coefficients, but this reduction was less for high-solvency firms.
Contrary to this, in non-southern countries, higher solvency ratios during COVID-19 are
associated with smaller asymmetry coefficients. When we focus on the ESG ratings, we see
that the coefficient of ESG ratings is negative and its partial effect decreases further with the
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solvency ratio, but increases with the beta and during the COVID-19 period. This would
imply that for firms with high solvency ratios, ESG ratings reduce asymmetry coefficients
further. However, when the firms are riskier than the market, this impact is lessened. The
marginal effect of ESG ratings evaluated at the sample mean is -0.00867 before the COVID-
19 pandemic and 0.00915 during the pandemic. This indicates that before the COVID-19
pandemic, engaging in ESG-related activities reduced the asymmetry behavior, but afterwards,
it was perceived as an additional risk by the investors, inducing further asymmetry behavior
in volatility. While for the southern countries, the marginal effect of ESG ratings was zero, for
the non-southern countries, it was negative both before and after COVID-19.

In Table 6, we give the AB-GLS estimation results for the GJR-GARCH and SVL
models, which fit the data in general better than the AGARCH and NAGARCH models.
This is also highlighted in Table 4. When we look at the results for the GJR-GARCH model,
we see that the autoregressive coefficient is no longer significant. The partial effect of
beta depends on the ESG ratings, meaning that for firms with higher ESG ratings, being
riskier than the market increases the asymmetry coefficient further. Again, this result
confirms that investors perceive higher ESG ratings as additional risk when the firms are
already riskier than the market. Higher solvency ratios increase the asymmetry behavior
in volatility only in the COVID-19 period. The partial effect of ESG ratings increases with
beta and in the COVID-19 period. The marginal effect of ESG ratings at the sample means
is −0.00093 before COVID-19 and 0.00174 after it. This impact is more distinct for the
non-southern firms.

In the same table, when we look at the SVL model results, we see that the autoregres-
sive coefficients are significant for the whole sample and for non-southern countries. A
higher beta is associated with stronger leverage effects. For the whole sample and for south-
ern countries, this impact is reduced as the ESG ratings increase, but it is more pronounced
in the non-southern countries. The partial effect of the solvency ratio is not significant in
all the samples. When we focus on the ESG ratings, we see that the marginal effects at the
sample mean are the same before and after COVID-19. It seems that higher ESG ratings are
associated with higher leverage effects. In addition, we see that the partial effect of ESG
ratings depends positively on the betas. This means that higher ESG ratings imply higher
asymmetry behavior for low-risk firms. For high-risk firms, maintaining high ESG ratings
actually helps reduce the leverage effect. This result seems to be in a different direction
from the findings with the NAGARCH and GJR-GARCH models.

In Table 7, we present the estimation results by sector. Following the same pattern
as before, the AB-GLS method was applied to the four volatility models, but restricting
the sample to only a specific sector. When presenting the results, we maintained our
focus on the coefficients of the ESG rating variable and its interactions with other vari-
ables. We calculated the marginal effects at the sample means only using the statistically
significant coefficients.

For the AGARCH model, the marginal effect of ESG ratings at the sample means sug-
gests that higher ESG ratings reduce the asymmetry behavior in volatility in the Consumer
Staples, Materials, and Real Estate sectors, while increasing it in the Energy, Industrials,
Information Technology (in particular, after COVID-19), and Utilities sectors. The find-
ing for the Energy sector is consistent with Lundgren et al. (2018), since they found that
European renewable energy stocks may bear more risks. For the NAGARCH model, for
the Consumer Discretionary and Information Technology sectors, the marginal effect of
ESG ratings is negative, while for the Healthcare, Industrials, and Materials sectors, it is
positive. For the GJR-GARCH model, only in the Energy sector, the marginal effect of ESG
ratings is negative, while in the Information Technology and Utilities sectors, it is positive.
Finally, for the SVL model, we see that only for the Consumer Staples sector, higher ESG
ratings mean less leverage effect, while for the rest of the sectors, the marginal effects of
ESG ratings are negative. We also see that only in the AGARCH model and Information
Technology sector, the partial effect changes in the COVID-19 period, reversing the sign of
the marginal effect of ESG ratings at the sample means.
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Table 7. AB-GLS results, by sector.

Sectors ESG Beta.ESG ESG.Solv. ESG.Covid Obs./Gr. MEM. of ESG
AGARCH:
CSTAP
ENG
IND
IT
MAT
REST
UTIL

.
−0.00013 **
0.00038 ***
0.00013 *
−0.00028 **
−0.00012 **
0.00023 **
.

.

.

.

.
0.00024 **
.
−0.00043 **
0.00046 ***

.

.

.

.

.

.

.

.

.

.

.

.
0.00043 ***
.
.
.

.
92/23
28/7
212/53
52/13
108/27
36/9
64/16

.
−0.00013
0.00038
0.00013
−0.00002/0.00041
−0.00012
−0.00009
0.00031

NAGARCH:
CDISC
HC
IND
IT
MAT

.
−0.01730 *
.
0.00158 *
−0.04358 ***
−0.01045 *

.

.
0.02484 **
.
0.03469 ***
−0.03264 *

.
−0.00057 ***
.
.
.
0.00122 *

.

.

.

.

.

.

.
108/27
68/17
212/53
52/13
108/27

.
−0.04147
0.01851
0.00158
−0.00540
0.01109

GJR-GARCH:
ENG
IT
UTIL

.

.

.
−0.00709 ***

.
0.00626 ***
0.00186 **
.

.
−0.00018 *
.
0.00029 ***

.

.

.

.

.
28/7
52/13
64/16

.
−0.00139
0.00205
0.00032

SVL:
COMM
CDISC
CSTAP
ENG
FIN
HC
IND
REST
UTIL

.
−0.01129 **
−0.00757 ***
.
−0.01435 *
−0.01005 ***
.
−0.01267 ***
−0.01126 **
−0.00855 *

.
0.01365 **
.
0.00833 *
.
0.00771 **
−0.01054 **
0.00456 *
0.01995 *
.

.

.
0.00011 **
.
.
.
0.00015 *
.
.
.

.

.

.

.

.

.

.

.

.

.

.
72/18
108/27
92/23
28/7
176/44
68/17
212/53
36/9
64/16

.
−0.00091
−0.00291
0.00525
−0.01435
−0.00095
−0.00067
−0.00788
−0.00791
−0.00855

Note: AB-GLS is the Arellano–Bond estimation method where the variables are weighed by the standard error
of the dependent variable. *, **, *** denote significance at 10%, 5% and 1% significance levels. MEM indicates
marginal effect at sample means. If the MEM is different before and after COVID-19, both numbers are reported,
separated with a “/”.

When we look at the summary of these results in Table 8, we see that for the Com-
munications, Financials, Healthcare, Industrials, and Utilities sectors, the findings suggest
that higher ESG ratings are associated with higher asymmetry/leverage. The findings for
the Financials sector are not consistent with the study of Sonnenberger and Weiss (2021),
since for the insurance firms, they found that higher ESG ratings were linked to lower tail
risk. On the other hand, for the Consumer Staples sector, we found the opposite relation.
For the rest of the sectors in Table 8, there is controversy between the findings for these
models. However, as Table 4 indicates, the SVL model had a better fit about half of the time
in the samples. Therefore, when there is controversy between SVL and the other models,
perhaps more weight could we given to the SVL results. Hence, it could be that in the
Consumer Discretionary, Energy, and Real Estate sectors, ESG ratings are associated with
higher asymmetry/leverage.

Table 8. Summary of results by sector for the AB-GLS approach.

Sectors ESG Ratings Increase Asymmetry/Leverage ESG Ratings Decrease Asymmetry/Leverage
COMM SVL -
CDISC SVL NAGARCH
CSTAP - AGARCH, SVL
ENG AGARCH, SVL GJR-GARCH
FIN SVL -
HC NAGARCH, SVL -
IND AGARCH, NAGARCH, SVL -
IT AGARCH, GJR-GARCH AGARCH(vs), NAGARCH
MAT NAGARCH AGARCH
REST SVL AGARCH(vs)
UTIL AGARCH, GJR-GARCH, SVL -

Note: If the marginal impact is less than 0.0001, we denote it with a “vs” to indicate that it is very small. AB-GLS
is the Arellano–Bond estimation method where the variables are weighed by the standard error of the dependent
variable.
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6. Robustness Analysis

In fixed effects regressions, the robust standard errors option is used to at least asymp-
totically mitigate the problem of heteroscedasticity and serial correlation10 (Arellano et al.
1987). Therefore, we estimated the model in Equation (9) via the Arellano–Bond approach
using the robust standard errors, without weighting the variables with the standard errors
of the asymmetry coefficients. However, we found mostly insignificant coefficients. This
was most likely due to the fact that the robust standard errors option works asymptotically,
assuming a large number of clusters. Perhaps given the number of stocks in our dataset,
the robust standard errors could not accommodate the heteroscedasticity caused by using
an estimated dependent variable. We do not report these results in the paper, as there was
no gain from these estimations.

In terms of specifications to eliminate possible reverse causality, we tried fixed effects
regressions (both regular and GLS versions) with lagged regressors as in Equation (8). As
mentioned by Bellemare et al. (2017), this approach is also quite popular. However, Reed
(2015) suggests this approach does not resolve the biases in the point estimates and in the
inferences caused by reverse causality issues. Therefore, we discarded these results.

To handle the possible reverse causality issue, we also tried the lagged first differ-
ence (LFD) method, which was proposed by Allison (2009). As with the Arellano–Bond
method, using only the robust standard errors yielded a few significant coefficients. Hence,
we weighed the variables with the standard errors of the asymmetry coefficients. In
Tables A1 and A2 in Appendix A, we present the LFD-GLS method results for different
volatility models.

For the AGARCH model and for the whole sample, the LFD-GLS results suggest that
higher betas and higher solvency rates are associated with lower asymmetry during the
COVID-19 period. This means that for riskier firms and for firms with higher solvency
rates during the COVID-19 time, the investors’ reaction to negative news was more stable.
The ESG ratings affect negatively the asymmetry effect only in the southern countries and
to a small extent.

For the NAGARCH model, the findings are different. The partial effect of the beta is
reduced for higher ESG ratings, and the marginal effect at the sample means is 0.27051.
This means that for riskier firms, the asymmetry coefficient is higher on average, but if
the riskier firms engage more in ESG-related activities, this effect is reduced. This finding
is consistent with Bae et al. (2021), that higher ESG ratings may reduce the stock price
crash risk. The partial effect of solvency ratios is negative, and it increases with the ESG
ratings and during COVID-19. The marginal effects at the sample means are −0.01611 and
−0.00465 for the whole sample before and after COVID-19, respectively. Since the solvency
ratio is an inverse measure of the financial leverage, we can say that this is some empirical
evidence to support the relation of financial leverage to asymmetric effects, as mentioned in
Christie (1982) and Choi and Richardson (2016). The partial effect of ESG ratings depends
negatively on the betas and positively on the solvency ratios. During COVID-19 also, this
partial effect is reduced. The marginal effect of ESG ratings at the sample means is positive
before COVID-19 and negative afterwards. This result tells a different story compared to
the AB-GLS results, that before COVID-19, the ESG-related investments were perceived
as an additional risk by the investors, but during COVID-19, this perhaps reduced their
concerns about possible negative news. When considering only southern countries, we did
not find any significant impact, but for the non-southern countries, the results were similar
to the whole sample ones.

When we focus on the GJR-GARCH results, we noticed that the partial effect of the beta
is negatively related to the ESG ratings. We also see that solvency ratios affect asymmetry
negatively only in the COVID-19 period. The marginal effect of the COVID-19 dummy
variable evaluated at the sample mean of the solvency ratio is 0.09605, which means that
on average, the impact of COVID-19 on the asymmetry coefficient was positive. We found
for the whole sample that the marginal effect of ESG ratings is small and negative, while
for the non-southern countries, it is slightly larger in magnitude and positive. The latter
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result implies that engaging in ESG-related activities increased the asymmetry behavior for
non-southern firms.

In the results for the SVL model, we see that while the beta does not have an impact on
the leverage coefficients, higher solvency ratios are linked to lower leverage effects11. The
partial effect of ESG ratings is 0.00332 before COVID-19 and 0.00143 afterwards, meaning
that higher ESG ratings mean lower leverage effects. Interestingly, the sign reverses for the
southern countries, since there, the partial effect of ESG ratings depends on the riskiness of
the firms.

In Table A3 in the Appendix A, we see that for the AGARCH model, the marginal effect
of ESG ratings at the sample mean is positive for the Industrials sector. The NAGARCH
model results suggest that the marginal effect of ESG ratings is positive for the Consumer
Discretionary and Consumer Staples sectors and negative for the Financials, Industrials,
and Utilities sectors. For the GJR-GARCH model, the marginal effect of ESG ratings is
positive for the Industrials and Information Technology sectors. Finally, for the SVL
model, the marginal effects of ESG ratings at the sample means are negative for the
Communications, Energy, and Healthcare sectors, while they are positive for the Consumer
Discretionary, Industrials, and Information Technology sectors. For the SVL model, a
negative impact on the leverage coefficient means that the leverage effect is higher. These
findings are summarized in Table 9. We find that in the Communications, Consumer
Staples, Energy, and Healthcare sectors, higher ESG ratings are associated with increased
asymmetry/leverage. On the other hand, in the Financials and Utilities sectors, the effect is
reversed. If we were to favor the SVL model when there are different results with different
volatility models, then perhaps we could also infer that for the Consumer Discretionary
and Information Technology sectors, higher ESG ratings could reduce asymmetry/leverage.
We cannot make such an extrapolation with the Industrials sector as the impact for the SVL
model is relatively small.

Table 9. Summary of results by sector for the LFD-GLS approach.

Sectors ESG Ratings Increase Asymmetry/Leverage ESG Ratings Decrease Asymmetry/Leverage
COMM SVL -
CDISC NAGARCH SVL
CSTAP NAGARCH -
ENG SVL -
FIN - NAGARCH
HC SVL SVL(vs)
IND AGARCH, GJR-GARCH NAGARCH, SVL(vs)
IT GJR-GARCH SVL
MAT - -
REST - -
UTIL - NAGARCH

Note: If the marginal impact is less than 0.0001, we denote it with a “vs” to indicate that it is very small. LFD-GLS
is the lagged first difference estimation method where the variables are weighed by the standard error of the
dependent variable.

Finally, we considered a comparison of the overall findings with the AB-GLS and
LFD-GLS methods for the marginal effects of ESG ratings evaluated at the sample means.
We present the results in Table 10. We can immediately notice that for the Communications
and Healthcare sectors, both the AB-GLS and LFD-GLS methods indicate that higher ESG
ratings are associated with higher asymmetry/leverage. It is also possible to extrapolate
this relation for the Energy and Real Estate sectors, if we give higher weight to the results
with the SVL model, which was fitting the data better most of the time than the other
models. Finally, we also note such a relation for the Industrials sector based on the AB-GLS
method. For the Consumer Discretionary, Consumer Staples, Financials, and Utilities
sectors, we have contradictory results for the AB-GLS and LFD-GLS methods. Last but not
least, the LFD-GLS method could be suggesting a negative relation between ESG ratings
and asymmetry/leverage coefficients for the Information Technology sector, if we give
higher weight to the results with the SVL model.
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Table 10. Comparing results with the AB-GLS and LFD-GLS models.

Sectors AB-GLS LFD-GLS
COMM increase increase
CDISC increase (?) decrease (?)
CSTAP decrease increase
ENG increase (?) increase
FIN increase decrease
HC increase increase
IND increase not clear
IT not clear decrease (?)
MAT not clear no result
REST increase (?) no result
UTIL increase decrease

Note: AB-GLS and LFD-GLS represent the Arellano–Bond and lagged first difference methods, respectively. An
increase/decrease indicates that higher ESG ratings are associated with higher/lower asymmetry or the leverage
effect. A question mark “?” is added to indicate the cases where the results for SVL are reported, but keeping in
mind that the results for some other volatility models are different. We report “not clear” when, for the volatility
models other than SVL, we obtained contradictory results. Finally, we report “no result” if the coefficients were
insignificant and the marginal effect could not be calculated.

7. Conclusions

In this paper, we explored if maintaining higher ESG ratings can be associated with
higher asymmetric effects or leverage effects in the volatility of stock returns. For this
purpose, we used the daily returns of the S&P Europe 350 Index constituent stocks, along
with their annual ESG ratings and solvency ratios for the period January 2016–December
2021. We acknowledge that our conclusions are only for the S&P Europe 350 Index,
which consists of the most liquid European stocks, and for this time period. In terms
of methodology, we applied the AGARCH, NAGARCH, GJR-GARCH, and SVL models
to ARMA-filtered series and obtained the coefficients of asymmetric effects or leverage
effects. The common characteristic of these volatility models is that they all have only
one parameter that controls for the asymmetry. We then used the asymmetric effects and
leverage effect coefficients as dependent variables in panel data regressions, where the
independent variables were the betas, ESG ratings, solvency ratios, COVID-19 dummy
variable, and their interactions. The heteroscedasticity problem caused by using estimated
dependent variables was addressed by weighing the variables of the models with the
standard error of the dependent variable. To avoid possible reverse causality issues, we
used Arellano–Bond and lagged first difference estimators.

Since lagged first difference estimators could suffer from biases if the timing of the
causality is misspecified, we focused on the Arellano–Bond estimator results. Our results
in general indicate that a higher beta is associated with higher asymmetry and leverage
effects. This effect is more pronounced for firms with high ESG ratings and during the
COVID-19 period. In principle, this could mean that investors perceive it negatively if
the firms are running high risks and at the same time engaging in ESG-related activities.
We also found that solvency ratios are negatively related to the asymmetric behavior in
volatility, although for some models, we found a positive relation. Since solvency ratios
are related to firm leverage inversely, the finding suggests that firm leverage is associated
with the asymmetry behavior of volatility. We also found partial evidence that high ESG
ratings are associated with lower asymmetry before COVID-19, but with higher asymmetry
after COVID-19. We also found that in the COVID-19 period, the asymmetry behavior in
volatility was on average higher.

When we considered the marginal effects of ESG ratings in each sector with the
Arellano–Bond estimation method, we can say that the impact of ESG ratings on the asym-
metry behavior of volatility was positive for the Communications, Financials, Healthcare,
Industrials, and Utilities sectors. We can also speculate to some degree the same relation
with the Consumer Discretionary, Energy, and Real Estate sectors, if we consider that the
SVL model fit the volatility best. When we cross-checked these results with the lagged
first difference estimation method, we observed that only for the Communications and
Healthcare sectors, the impact of ESG ratings on the asymmetry behavior was positive.
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This could be extrapolated to the Energy, Industrials, and Real Estate sectors, if we consider
assigning more weight to the results for the SVL model.

The findings of this paper could be very useful to investors. On the one hand, in certain
sectors, firms with high betas striving to maintain vigorous ESG-related activities could
signal a higher asymmetric behavior of the volatility process, which could in turn mean
strong reactions to negative news. Perhaps it could be a sign of green washing activity such
that the firms try to conceal their riskiness behind the ESG ratings. On the other hand, our
results suggested that the marginal effect of ESG ratings at the sample means was positive
during the COVID-19 pandemic. This suggests that in risky times, engaging in ESG-related
activities could be seen as an additional risk by the investors. The paper has also some
valuable implications for practitioners. The positive marginal effect of ESG ratings on the
asymmetric behavior suggests that in the face of a negative return shock, the volatility of a
firm rises even higher if that firm has high ESG ratings. This could be related to the systemic
risk literature, that firms with high risk and high ESG ratings could potentially contribute
more to systemic risk and adversely affect the economies in the long run.

This paper can be extended in multiple ways. The data we considered focus primarily
on blue-chip companies from developed European countries. These are the most liquid
stocks from the European markets. Future research could be conducted to assess this
phenomenon from the liquidity status of firms, i.e., less-liquid versus high-liquidity stocks.
The expansion of the data to include also developing countries along with liquidity could
generate interesting insights in the subject matter. Solvency ratios were the liquidity
measure that gave us the highest possible number of stocks. Future investigations could
consider other measures of liquidity or firm leverage if the dataset is expanded to include a
substantially higher number of firms.
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Appendix A

Appendix A.1. Results of the LFD-GLS Estimation Method

Table A1. LFD-GLS estimation results for all models, Part I.

LFD-GLS AGARCH NAGARCH
All Firms Southern Non-Southern All Firms Southern Non-Southern

Beta 0.00032 0.00738 *** −0.00022 1.02073 ** 0.84128 1.01664 **
ESG −0.00000 −0.00005 * −0.00000 0.00310 ** −0.00122 0.00314 **
Solvency R. 0.00000 −0.00022 *** 0.00002 −0.04138 *** −0.05175 −0.04138 ***
Beta.ESG 0.00000 −0.00006 0.00001 −0.01336 ** −0.00971 −0.01324 **
ESGSolv 0.00000 0.00000 −0.00000 0.00045 *** 0.00067 0.00045 ***
COVID 0.00082 −0.01175 0.00170 0.42901 1.28019 0.02021
ESG.COVID 0.00001 0.00008 −0.00000 −0.00705 * 0.00147 0.00209
Beta.COVID −0.00549 *** 0.00072 −0.00630 *** −0.30962 -1.21798 * −0.33188
SolvCOVID −0.00006 * −0.00001 −0.00005 0.01146 ** −0.00464 0.01259 *
N. obs. 1016 256 760 1016 256 760
R2 0.0944 0.1350 0.1028 0.3433 0.0556 0.3493
Ftest_Pval 0.00000 0.00000 0.00000 0.00000 0.00000 0.00000
BC.MEM. ESG 0 −0.00005 0 0.00589 0 0.00747
AC.MEM. ESG 0 −0.00005 0 −0.00115 0 0.00747

Note: LFD-GLS is the lagged first difference estimation method where the variables are weighed by the standard
error of the dependent variable. *, **, *** denote significance at 10%, 5% and 1% significance levels. BC.MEM and
AC.MEM indicate marginal effect at sample means before and after COVID-19.

Table A2. LFD-GLS estimation results for all models, Part II.

LFD-GLS GJR-GARCH SVL
All Firms Southern Non-Southern All Firms Southern Non-Southern

Beta 0.04087 −0.02972 −0.00612 0.07064 0.47665 ** −0.00181
ESG 0.00173 *** 0.00011 0.00201 *** 0.00332 * 0.00609 * 0.00255
Solvency R. −0.00144 0.00147 −0.00226 0.00427 ** −0.00319 0.00492 **
Beta.ESG −0.00209 * 0.00032 −0.00073 −0.00150 −0.00749 ** −0.00007
ESGSolv 0.00003 −0.00002 0.00001 −0.00003 0.00000 −0.00003
COVID 0.18039 *** −0.14648 0.16638 *** 0.15451 −0.01744 0.13012
ESG.COVID 0.00063 0.00148 0.00075 −0.00189 * 0.00059 −0.00124
Beta.COVID −0.14185 0.02061 −0.18603 0.07204 0.05346 0.07612
SolvCOVID −0.00424 *** 0.00000 −0.00224 −0.00003 −0.00209 0.00014
N. obs. 1016 256 760 1016 256 760
R2 0.4087 0.0240 0.4206 0.0841 0.0884 0.0927
Ftest_Pval 0.00000 0.00310 0.00000 0.00000 0.00530 0.00000
BC.MEM. ESG −0.00031 0 0.00201 0.00332 −0.00177 0
AC.MEM. ESG −0.00031 0 0.00201 0.00143 −0.00177 0

Note: LFD-GLS is the lagged first difference estimation method where the variables are weighed by the standard
error of the dependent variable. *, **, *** denote significance at 10%, 5% and 1% significance levels. BC.MEM and
AC.MEM indicate marginal effect at sample means before and after COVID-19.

Table A3. LFD-GLS results, by sector.

Sectors ESG Beta.ESG ESG.Solv. ESG.Covid Nr. Obs. MEM. of ESG
AGARCH:
IND

.
−0.00016 ***

.

.
.
0.00001 ***

.

.
.
212

.
0.00015

NAGARCH:
CDISC
CSTAP
FIN
IND
UTIL

.
0.03599 ***
.
−0.00844 *
−0.00226 ***
.

.
−0.03178 **
.
.
−0.00701 ***
−0.02342 *

.

.
0.00119 *
.
0.00029 ***
.

.

.

.

.

.

.

.
108
92
176
212
64

.
0.00135
0.04693
−0.00844
−0.00050
−0.01598

GJR-GARCH:
IND
IT

.

.
0.00177 *

.

.

.

.
0.00014 *
.

.

.

.

.
212
52

.
0.00439
0.00177

SVL:
COMM
CDISC
ENG
HC
IND
IT

.

.

.

.

.
0.01424 ***
.

.
−0.00901 *
0.00624 **
.
0.01334 **
.
.

.

.

.
−0.00083 *
−0.00036 ***
−0.00045 **
0.00049 *

.

.

.

.
0.00727 *
.
.

.
72
108
28
68
212
52

.
−0.00685
0.00680
−0.03773
−0.00731/0.00004
0.00009
0.02129

Note: LFD-GLS is the lagged first difference estimation method where the variables are weighed by the standard error of the
dependent variable. *, **, *** denote significance at 10%, 5% and 1% significance levels. MEM indicates marginal effect at sample
means. If the MEM is different before and after COVID-19, both numbers are reported, separated with a “/”.
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Appendix A.2. List of Stocks and Their Inclusion in Panels

Table A4. Part I.

Ticker Firm Country Code Sector Code
III.L 3I Group GB FIN
ABBN.SW ABB Ltd CH IND
AC.PA Accor FR CDISC
ACS.MC ACS Actividades de Construccion y Servicios SA ES IND
ADS.DE Adidas AG DE CDISC
AGN.AS Aegon NV NL FIN
AENA.MC Aena SA ES IND
AGS.BR AGEAS BE FIN
AIR.PA Airbus SE FR IND
AKZA.AS Akzo Nobel NV NL MAT
ALFA.ST Alfa Laval AB SE IND
ALV.DE Allianz SE DE FIN
ALO.PA Alstom FR IND
AMS.MC Amadeus IT Group SA ES IT
AAL.L Anglo American Plc GB MAT
ABI.BR Anheuser Busch Inbev NV BE CSTAP
MT.AS ArcelorMittal Inc LU MAT
AKE.PA Arkema FR MAT
AHT.L Ashtead Group GB IND
ASML.AS ASML Holding NV NL IT
G.MI Assicurazioni Generali SpA IT FIN
ABF.L Associated British Foods GB CSTAP
AZN.L AstraZeneca Plc GB HC
ATL.MI Atlantia SpA IT IND
ATO.PA AtoS SE FR IT
AV.L Aviva GB FIN
CS.PA AXA FR FIN
BA.L BAE Systems Plc GB IND
BBVA.MC Banco Bilbao Vizcaya Argentaria SA ES FIN
SAB.MC Banco de Sabadell SA ES FIN
SAN.MC Banco Santander SA ES FIN
BIRG.IR Bank of Ireland Group IE FIN
BARC.L Barclays GB FIN
BDEV.L Barratt Developments GB CDISC
BAS.DE BASF SE DE MAT
BAYN.DE Bayer AG DE HC
BMW.DE Bayer Motoren Werke AG (BMW) DE CDISC
BEI.DE Beiersdorf AG DE CSTAP
BKG.L Berkeley Group Holdings Plc GB CDISC

Notes: This table presents the tickers of the stocks of the firms in our analysis, with their countries and sectors.
Source: S&P Global.

Table A5. Part II.

Ticker Firm Country Code Sector Code
BHP.L BHP Group Plc GB MAT
BNP.PA BNP Paribas FR FIN
BOL.ST Boliden AB SE MAT
EN.PA Bouygues FR IND
BP.L BP p.l.c GB ENG
BNR.DE Brenntag AG DE IND
BATS.L British American Tobacco Plc GB CSTAP
BLND.L British Land Co GB REST
BT-A.L BT Group GB COMM
BNZL.L Bunzl GB IND
BRBY.L Burberry Group GB CDISC
CABK.MC CaixaBank ES FIN
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Table A5. Cont.

Ticker Firm Country Code Sector Code
CARL-B.CO Carlsberg AS B DK CSTAP
CCL.L Carnival Plc GB CDISC
CNA.L Centrica GB UTIL
CLN.SW Clariant AG Reg CH MAT
CNHI.MI CNH Industrial NV IT IND
CBK.DE Commerzbank AG DE FIN
CPG.L Compass Group GB CDISC
CON.DE Continental AG DE CDISC
1COV.DE Covestro AG DE MAT
ACA.PA Credit Agricole SA FR FIN
CRH CRH Plc IE MAT
CRDA.L Croda Intl GB MAT
BN.PA Danone FR CSTAP
DANSKE.CO Danske Bank A/S DK FIN
DCC.L DCC IE IND
DB Deutsche Bank AG DE FIN
DB1.DE Deutsche Boerse AG DE FIN
LHA.DE Deutsche Lufthansa AG DE IND
DPW.DE Deutsche Post AG DE IND
DTE.DE Deutsche Telekom AG DE COMM
DGE.L Diageo Plc GB CSTAP
DLG.L Direct Line Insurance Group GB FIN
DNB.OL DNB ASA NO FIN
DSV.CO Dsv Panalpina A/s DK IND
EOAN.DE E.ON SE DE UTIL
EZJ.L Easyjet GB IND
EDEN.PA Edenred FR IT
FGR.PA Eiffage FR IND
EDF.PA Electricite de France FR UTIL
ELISA.HE Elisa Corporation FI COMM
ENG.MC Enagas SA ES UTIL
ELE.MC Endesa SA ES UTIL
ENEL.MI Enel SpA IT UTIL
ENGI.PA Engie FR UTIL
ENI.MI ENI SpA IT ENG
EQNR.OL Equinor ASA NO ENG
ERIC-B.ST Ericsson L.M. Telefonaktie B SE IT

Notes: This table presents the tickers of the stocks of the firms in our analysis, with their countries and sectors.
Source: S&P Global.

Table A6. Part III.

Ticker Firm Country Code Sector Code
EBS.VI Erste Group Bank AG AT FIN
EL.PA EssilorLuxottica FR CDISC
EXPN.L Experian Plc GB IND
FERG.L Ferguson PLC GB IND
RACE.MI Ferrari NV IT CDISC
FER.MC Ferrovial SA ES IND
FLTR.L Flutter Entertainment plc IE CDISC
FORTUM.HE Fortum Oyj FI UTIL
FME.DE Fresenius Medical Care AG DE HC
GALP.LS Galp Energia SGPS SA PT ENG
GEBN.SW Geberit AG Reg CH IND
GFC.PA Gecina FR REST
GMAB.CO Genmab AS DK HC
GIVN.SW Givaudan AG CH HC
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Table A6. Cont.

Ticker Firm Country Code Sector Code
GSK.L GlaxoSmithKline GB HC
GLEN.L Glencore Plc GB MAT
GRF.MC Grifols SA ES HC
GBLB.BR Groupe Bruxelles Lambert BE FIN
HLMA.L Halma GB IT
HL.L Hargreaves Lansdown Plc GB FIN
HEI.DE HeidelbergCement AG DE MAT
HEIA.AS Heineken NV NL CSTAP
HM-B.ST Hennes & Mauritz AB B SE CSTAP
HEXA-B.ST Hexagon AB SE IT
HSBA.L HSBC Holdings Plc GB FIN
IBE.MC Iberdrola SA ES UTIL
IMB.L Imperial Brands Plc GB CSTAP
INDU-A.ST Industrivarden AB A SE FIN
IFX.DE Infineon Technologies AG DE IT
INF.L Informa PLC GB COMM
INGA.AS ING Groep NV NL FIN
IHG.L InterContinental Hotels Group Plc GB CDISC
IAG.L International Consolidated Airlines Group SA GB IND
ITRK.L Intertek Group PLC GB IND
ISP.MI Intesa SanPaolo IT FIN
INVE-B.ST Investor AB B SE FIN
ITV.L ITV Plc GB COMM
JMAT.L Johnson, Matthey GB MAT
KBC.BR KBC Group NV BE FIN
KER.PA Kering FR CDISC
KYGA.L Kerry Group A IE CSTAP
KGP.L Kingspan Group Plc IE IND
KINV-B.ST Kinnevik Investment AB B SE FIN
LI.PA Klepierre FR REST
KNEBV.HE Kone Corp B FI IND

Notes: This table presents the tickers of the stocks of the firms in our analysis, with their countries and sectors.
Source: S&P Global.

Table A7. Part IV.

Ticker Firm Country Code Sector Code
DSM.AS Koninklijke DSM NV NL MAT
KPN.AS Koninklijke KPN NV NL COMM
PHIA.AS Koninklijke Philips Electronics NV (Royal

Philips Electronics)
NL HC

KNIN.SW KUEHNE & NAGEL INTL AG-REG CH IND
OR.PA L’Oreal FR CSTAP
LAND.L Land Securities Group PLC GB REST
LXS.DE Lanxess AG DE MAT
LGEN.L Legal & General Group GB FIN
LDO.MI Leonardo S.p.a. IT IND
LISN.SW Lindt & Sprungli AG Reg CH CSTAP
LLOY.L Lloyds Banking Group Plc GB FIN
LOGN.SW Logitech International SA CH IT
MC.PA LVMH-Moet Vuitton FR CDISC
MKS.L Marks & Spencer Group GB CSTAP
MRO.L Melrose Industries PLC GB IND
MRK.DE MERCK KGaA DE HC
MONC.MI Moncler SpA IT CDISC
MNDI.L Mondi Plc GB MAT
MOWI.OL Mowi ASA NO CSTAP
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Table A7. Cont.

Ticker Firm Country Code Sector Code
MTX.DE MTU Aero Engines AG DE IND
NG.L National Grid PLC GB UTIL
NTGY.MC Naturgy Energy Group SA ES UTIL
NESN.SW Nestle SA Reg CH CSTAP
NXT.L Next GB CSTAP
NN.AS NN Group N.V. NL FIN
NOKIA.HE Nokia OYJ FI IT
NDA-FI.HE Nordea Bank Abp FI FIN
NHY.OL Norsk Hydro AS NO MAT
NOVN.SW Novartis AG Reg CH HC
NZYM-B.CO Novozymes AS B DK MAT
OMV.VI OMV AG AT ENG
ORA.PA Orange FR COMM
ORK.OL Orkla AS NO CSTAP
PNDORA.CO Pandora A/S DK CDISC
PGHN.SW Partners Group Hldg CH REST
PSON.L Pearson GB COMM
RI.PA Pernod-Ricard FR CSTAP
PSN.L Persimmon GB CDISC
PROX.BR Proximus BE IND
PRU.L Prudential Plc GB FIN
PRY.MI Prysmian SpA IT IND
PUB.PA Publicis Groupe FR COMM
QIA.DE QIAGEN NV DE HC

Notes: This table presents the tickers of the stocks of the firms in our analysis, with their countries and sectors.
Source: S&P Global.

Table A8. Part V.

Ticker Firm Country Code Sector Code
RAND.AS Randstad NV NL IND
REE.MC Red Electrica Corporacion SA ES UTIL
REL.L RELX Plc GB IND
RNO.PA Renault SA FR CDISC
RTO.L Rentokil Initial GB IND
REP.MC Repsol SA ES ENG
CFR.SW Richemont, Cie Financiere A Br CH CDISC
RIO.L Rio Tinto Plc GB MAT
ROG.SW Roche Hldgs AG Ptg Genus CH HC
RR.L Rolls-Royce Holdings Plc GB IND
SAF.PA Safran SA FR IND
SGE.L Sage Group GB IT
SBRY.L Sainsbury (J) GB CSTAP
SGO.PA Saint-Gobain, Cie de FR IND
SAND.ST Sandvik AB SE IND
SAN.PA Sanofi-Aventis FR HC
SAP.DE SAP SE DE IT
SCHN.SW Schindler-Hldg AG Reg CH IND
SU.PA Schneider Electric SE FR IND
SDR.L Schroders Plc GB FIN
SGRO.L SEGRO Plc GB REST
SVT.L Severn Trent GB UTIL
SIE.DE Siemens AG DE IND
SKA-B.ST SKANSKA AB-B SE IND
SN.L Smith & Nephew GB HC
SMIN.L Smiths Group GB IND
SK3.IR Smurfit Kappa Group PLC IE MAT
SRG.MI Snam SpA IT UTIL
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Table A8. Cont.

Ticker Firm Country Code Sector Code
GLE.PA Societe Generale FR FIN
SW.PA Sodexo FR CDISC
SOLB.BR Solvay BE MAT
SOON.SW Sonova Holding AG CH HC
SPX.L Spirax-Sarco Engineering GB IND
STJ.L St James’s Place GB FIN
STAN.L Standard Chartered GB FIN
STM.MI STMicroelectronics NV IT IT
STERV.HE Stora Enso OYJ R FI MAT
SHB-A.ST Svenska Handelsbanken A SE FIN
UHR.SW Swatch Group AG-B CH CDISC
SWED-A.ST Swedbank AB SE FIN
SWMA.ST Swedish Match AB SE CSTAP
SLHN.SW Swiss Life Reg CH FIN
SPSN.SW Swiss Prime Site AG CH REST

Notes: This table presents the tickers of the stocks of the firms in our analysis, with their countries and sectors.
Source: S&P Global.

Table A9. Part VI.

Ticker Firm Country Code Sector Code
SCMN.SW Swisscom AG Reg CH COMM
SY1.DE Symrise AG DE MAT
TATE.L Tate & Lyle GB CSTAP
TEL2-B.ST Tele2 AB B SE COMM
TIT.MI Telecom Italia SpA IT COMM
TEF.MC Telefonica SA ES COMM
TEL.OL Telenor ASA NO COMM
TELIA.ST Telia Company AB SE COMM
TEN.MI Tenaris SA IT ENG
TSCO.L Tesco GB CSTAP
HO.PA Thales FR IND
TKA.DE ThyssenKrupp AG DE IND
TPK.L Travis Perkins GB IND
TUI1.DE TUI AG DE CDISC
UCB.BR UCB SA BE HC
UMI.BR Umicore BE MAT
URW.AS Unibail Rodamco Westfield FR REST
UCG.MI Unicredit SpA Ord IT FIN
UTDI.DE United Internet AG Reg DE COMM
UU.L United Utilities Group Plc GB UTIL
UPM.HE UPM-Kymmene Oyj FI MAT
FR.PA Valeo FR CDISC
VIE.PA Veolia Environnement FR UTIL
VWS.CO Vestas Wind Systems AS DK IND
VIFN.SW Vifor Pharma Group CH HC
DG.PA Vinci FR IND
VOD.L Vodafone Group GB COMM
VOW.DE Volkswagen AG DE CDISC
VOLV-B.ST Volvo AB B SE CDISC
VNA.DE Vonovia SE DE REST
WEIR.L Weir Group GB IND
WTB.L Whitbread GB CDISC
WKL.AS Wolters Kluwer NV NL IND
WPP.L WPP Plc GB COMM
YAR.OL Yara International ASA NO MAT

Notes: This table presents the tickers of the stocks of the firms in our analysis, with their countries and sectors.
Source: S&P Global.
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Table A10. Countries.

Country Code Country No. of Firms
AT Austria 2
BE Belgium 8
CH Switzerland 21
DE Germany 30
DK Denmark 7
ES Spain 17
FI Finland 7
FR France 34
GB Great Britain 69
IE Ireland 8
IT Italy 12
LU Luxembourg 2
NL Netherlands 13
NO Norway 7
PT Portugal 1
SE Sweden 16

Source: S&P Global and authors.

Table A11. Sectors.

Sector Code Sector No. of Firms
CDISC Consumer Discretionary 27
COMM Communication Services 18
CSTAP Consumer Staples 23
ENG Energy 7
FIN Financials 44
HC Healthcare 17
IND Industrials 53
IT Information Technology 13
MAT Materials 27
REST Real Estate 9
UTIL Utilities 16

Source: S&P Global and authors.

Notes
1 Since we do not remove outliers, but control for them using dummy variables, using this outlier detection method does not affect

the results.
2 https://www.kevinsheppard.com/code/matlab/mfe-toolbox/ (accessed on 27 May 2022).
3 https://joshuachan.org/code/code_GARCH_SV.html (obtained on 21 May 2022).
4 We refer to years 2016–2019 as “before COVID-19” and to years 2020–2021 as “after COVID-19”.
5 https://www.spglobal.com/esg/scores (accessed on 25 March 2021 and 5 May 2022).
6 Asset-based solvency ratios are defined as (Shareholders’ funds/Total assets) × 100.
7 https://www.bvdinfo.com/en-gb/our-products/data/international/orbis (accessed on 17 May 2022).
8 The marginal effect at the mean is calculated as 0.00285 + 0.0421 × 0.9744 − 0.00006 × 35.139, using the sample means from

Table 2.
9 We calculated the marginal effects at sample means using the statistically significant coefficients only, even if they are significant

at 10%.
10 https://www.stata.com/manuals13/xtxtreg.pdf (accessed on 5 June 2022).
11 An increase in the dependent variable means less leverage effect for the SVL models.
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