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ABSTRACT

This research paper investigates the risks associated with Environmental, Social, and
Governance (ESG) funds, aiming to clarify common misconceptions. We conduct an empir-
ical study comparing the Value at Risk (VaR) and Downside-to-Upside Volatility (DUVOL)
for ESG and non-ESG funds (the control sample). First, we establish that although VaR and
DUVOL are both interpreted as downside risk measures, they exhibit different behaviors
because one is an absolute measure and the other captures asymmetric volatility behavior,
thus the results differ. Our results show that ESG funds have a higher VaR and ESG scores.
However, no statistically significant relationship is found between ESG funds (or ESG risk
scores) and DUVOL. This finding is consistent across a range of methods, including adding
category and time effects, using instrumental variables, and matching methods. Finally, we
investigate the predictability of downside risk using random forests methods. The results
suggest that ESG risk scores are relatively more important in predicting downside risk than
being an ESG fund. The overall findings are supportive of a link between ESG risk scores
and downside risk, challenging the conventional belief that ESG funds inherently carry
higher risks. These insights aim to enrich our understanding of the role of ESG investing in
modern portfolio management strategies.

*Corresponding author: sofia.ramos@essec.edu



1. Introduction

In recent years, the surge of interest in sustainable investing has brought Environmental, Social,
and Governance (ESG) funds into the spotlight. These funds, prioritizing investments based
on ESG criteria, are no longer a niche segment but a significant part of the global investment
landscape. As the prevalence of ESG funds continues to rise, understanding their risk profile has

become a topic of paramount importance for investors, fund managers, and policymakers alike.

However, ESG investing is controversial due to the incorporation of non-pecuniary factors
in valuation analysis and security selection. As ESG assessment adds non-financial assessment
and screenings, it may limit investment options, as securities that do not meet ESG criteria
might be excluded from investment portfolios (Joliet and Titova, 2018). Moreover, it can also
cause underinvestment in certain industries or regions, because ESG criteria can inadvertently
favour companies in developed countries where standards and reporting on ESG issues are more
advanced, or sectors that inherently have lower ESG risks, such as technology or healthcare, and
underinvest in sectors like energy, utilities, or manufacturing, which are traditionally viewed as
having higher ESG risks. This may result in less diversification and potentially lower returns
for investors, thus increasing downside risk. On the other hand, ESG integration brings some
advantages as it considers a wider spectrum of risks and opportunities. Investing in companies
with strong ESG practices, potentially better positioned to weather environmental, social, and
governance risks, may improve security selection, a key ingredient of outperformance. Addition-
ally, it is widely recognized that holding a large number of securities in a fund can be costly.
Consequently, portfolio construction often involves using sampling or optimization techniques to
mitigate these costs. Furthermore, investors in ESG funds tend to be less reactive to short term
performance, resulting in lower rates of redemption. This, in turn, means these funds generally

maintain smaller cash positions and can make more long-term bets.

Therefore, the question of the risk of ESG funds! is far from having a straightforward answer.
While ESG funds may confront challenges in terms of screen criteria and diversification, their
strategic focus on firms adept at managing non-financial risks presents a compelling counterpoint,
as improved assessment practices can be more beneficial for investors. For instance, Humphrey
and Lee (2011) use a sample of 157 Australian SRI funds over the period 2003-2009, find that
positive screens reduce fund risk. The study highlights that positive screens make funds invest

in larger companies, while negative screens make funds invest in smaller firms.

"'We will use the terminology "ESG funds" to denominate the spectrum of all funds that apply non-financial
selection criteria.



While extensive empirical analyses have examined the performance of ESG funds, there has
been a notable gap in assessing the associated risks. Empirically, whether ESG funds present
more risk is not clear-cut. This paper aims to address this gap by analysing the downside
risk of ESG funds. Moreover, in recent years, ESG (Environmental, Social, and Governance)
rating methodologies have developed substantially. Investors now have at their disposal a set
of indicators, such as ESG scores and ratings, designed to provide guidance in evaluating ESG

performance. The critical question is how effectively these ratings capture downside risk.

In this study, we examine the downside risks of Environmental, Social, and Governance funds.
We begin by calculating Value at Risk (VaR) and Downside-Upside Volatility (DUVOL) for ESG
and non-ESG funds using daily returns data from 2019 to 2022 from more than 10,000 funds
from an international sample. Because the landscape of ESG investing encompasses a range of
strategies, we use several classification criteria, including Morningstar’s sustainable fund tag,
the Low Carbon Designation, and the use of exclusion policies, to identify ESG funds. By
examining ESG funds across these different categorizations, we can gain a more comprehensive
understanding of the risks within the varied approaches of ESG investing. To ensure the accuracy
of our analysis, we contrast these ESG funds with a control group composed of funds that are not
designated as Sustainable, Low Carbon, present exclusion policies or get a SFDR classification in
2021. This approach is crucial because many funds often embody two or three of these attributes
simultaneously. Thus, by comparing ESG funds against a carefully selected control sample, we
can draw more precise and meaningful conclusions. When comparing measures of downside risk,
it is important to note that although they aim to capture downside risk, they differ significantly
and show low correlation. Value at Risk (VaR) is expressed in terms of returns and captures
potential losses. In contrast, DUVOL is a standardized measure, with a reference value of one,
that focuses on the relationship between downside and upside volatility, capturing the asymmetric
behavior of volatility. As a result, their behaviors differ, leading to distinct conclusions. While
ESG risk scores are positively correlated with VaR, they show no association with asymmetric

volatility behavior.

The results from the regression analysis indicates that ESG funds are positively associated
with Value at Risk. However, when it comes to DUVOL, the analysis reveals no significant
statistical relationship. To gain a more detailed understanding, we conducte quantile regressions,
particularly focusing on the upper quantiles, that measure greater loss risk. The regression
analysis reveals a positive association between ESG funds and Value at Risk. However, the
relationship between ESG funds and DUVOL is not statistically significant. To explore these
dynamics further, we conducted quantile regressions. Our findings indicate that the relationship

between ESG risk scores and Value at Risk strengthens in the upper quantiles. But the coefficient



for DUVOL varies across quantiles, being positive in lower quantiles and turning negative in
higher ones. This variation explains the lack of a clear relationship in the initial regression

analyses.

To enhance the validity of our findings, we performe additional analyses with different ap-
proaches. First, we create matched samples that confirme a positive association between ESG
scores and Value at Risk, while also establishing no significant relationship with DUVOL. Then
we further reinforced these results by using instrumental variables. Our analysis segmented by
ESG fund type revealed that i) Sustainable Funds show no notable differences from conven-
tional funds in terms of VaR and DUVOL, except for some instances where higher VaR was
identified via instrumental variable analysis; ii) Low Carbon Funds are associated with higher
VaR, but the evidence on DUVOL remains inconclusive. lii) Funds that employ exclusions pol-
icy are associated with higher VaR, as consistently indicated by various tests using different
VaR specifications. However, these funds tend to show lower DUVOL, a finding supported by
our instrumental variable analysis. The use of multiple analytical methods helps to bolster the

robustness of our findings.

A pratical question concerns whether the characteristics of funds can predict downside risk
effectively. We applied random forest methods to investigate this, and our results indicate that
ESG scores serve as more significant predictors of both Value at Risk (VaR) and downside volume
(DUVOL) compared to the ESG funds themselves.

Our study makes a significant contribution to the debate on the likelihood of higher losses
of ESG funds compared to traditional funds. This analysis is important in understanding ESG
adoption and its compatibility with fiduciary duties, a subject that has captured the attention
of investors, fund managers, media, and policymakers.? Our paper also makes a contribution to
the literature that uses signals using machine learning methods in mutual funds (DeMiguel et al.,
2023; Kaniel et al., 2023; Li and Rossi, 2020). We further explore whether ESG scores and ESG
labels can effectively signal downside risk. Understanding these dynamics is crucial for investors
who seek to incorporate ESG considerations into their risk management strategies. This suggest
that the measurement by ESG scores are associated with downside risk metrics than the broader

classification of funds as "ESG funds."

Moreover, our research indirectly addresses the question of the financial materiality of ESG

2The debate on fiduciary duty and ESG investing revolves around whether fiduciaries are legally obligated to
consider ESG factors in their investment decisions. Traditionally, fiduciaries are expected to maximize financial
returns for their clients. Some argue that incorporating ESG factors might conflict with this duty. However,
others contend that ESG factors can significantly impact long-term financial performance, thus necessitating
their consideration in investment decisions.



risks. Central to this discussion is whether comprehensive assessment and integration of ESG
risks can enhance investment outcomes. By scrutinizing the downside risk of ESG funds, our

study offers empirical evidence on the effectiveness of ESG risk management in practice.

2. Data and Variables

2.1. Sample

Our study examines a sample of equity funds spanning from December 2019 to December 2022.

This period was specifically chosen due to the recent availability of ESG risk ratings.?

The analysis is conducted at the fund level, acknowledging that the holdings are equal at the
fund. Data for this study was sourced from Morningstar Direct and Eurofidai. To calculate the
downside risk measures, we used daily returns data obtained from Eurofidai and Morningstar,
with the latter being the source for US-based funds. This approach enabled us to calculate a

comprehensive set of risk measures for over 10,000 funds of an international sample.

However, the availability of certain fund features is more limited. Notably, Morningstar ESG
scores are only available for a subset of these funds, reducing the sample size in our empirical

analysis.

Consistent with standard practices in similar studies, we applied a series of filters to refine
our sample: i) We excluded funds with fewer than 11 assets, as these often contain derivatives.
ii) Funds with a total size of less than 1 million dollars were omitted to avoid inception bias.
iii) Sharia funds were excluded due to their specific religious focus. iv) Funds of funds were also
excluded because they include bond holdings. v) Leveraged funds were also excluded because of

the use of derivatives as other type of funds as strategic beta and risk enhance funds.

31t is noteworthy that the focus on ESG risks and opportunities by rating agencies has gained prominence in
recent years. Our ESG risk data is sourced from Morningstar, which has been evaluating financial risks since
November 2019.



2.2. Variables
2.2.1. Financial Risk

Two risk measures are used in this paper, namely Value-at-risk and downside-to-upside volatility
(DUVOL). VaR is often used to assess the level of nancial risk within a company, portfolio or
position over a given period of time, as it indicates the maximum potential loss during a given
period for a given con dence level. It is widely accepted as a measure of risk in the banking
sector, and has been gaining acceptance in the investment industry. We have calculated the
historical VaR for a con dence level of 95%. Its main advantages include: its ease of calculation;
the fact that it does not assume a theoretical distribution of returns, which can be bene cial
when the actual distribution of returns deviates signi cantly from the normal distribution, which

is often the case for nancial returns; the inclusion of actual correlations observed in the past
between asset returns, which can be complex and di cult to model using other methods; the wide
acceptance by nancial industry regulators, which means that companies can use this method
to calculate regulatory capital requirements, and the fact that it is not necessary to forecast
volatilities and correlations, which can be di cult and unreliable

DUVOL refers to the ratio of downward volatility (when prices fall) to upward volatility (when
prices rise). This ratio can give investors a more comprehensive view of risk by incorporating
both downside risk and the level of uncertainty, o ering a more robust risk assessment compared
to traditional risk measures like VaR (Ameur et al., 2024). DUVOL provides insight into how
an investment will perform under di erent market conditions, especially in falling versus rising
markets. The key bene ts include: It provides nuanced insights into the asymmetric behaviour
of asset price movements and highlights the di erences in volatility between rising and falling
states, which is critical to understanding risk.®

VaR and DUVOL are calculated every six months from June 30, 2019 to December 30, 2022
using about 120 daily observations to calculate them. The summary statistics for these two
metrics can be found in Table 1. For easier interpretation, we have adjusted the variables by
multiplying them by 100. Additionally, we multiplied the VaR by -1 that corresponds to the
VaR of the loss. This standardization ensures that for both variables, a higher value indicates
a greater downside risk, making it more intuitive for readers to understand the analysis and

4Some papers, among many others, that use historical VaR are Danielsson and De Vries (1997); Boudoukh
et al. (1998); Hull and White (1998); Barone-Adesi et al. (1999); Boucher and Maillet (2013); Clauyen et al.
(2019); Hendricks (2022) and an overview of the methods for calculating VaR can be found in Abad et al. (2014).

SRecent papers that use this measure are, for instance, Chang et al. (2017); Jung et al. (2022); Liao et al.
(2023); Zhao et al. (2023).



coe cients on the tables.

While DUVOL is essentially about understanding the behaviour of asset volatility in response
to di erent states, VaR provides an estimate of the potential level of loss in a portfolio over a given
time period, which is crucial for nancial risk assessment and decision making. Nevertheless, we
note that DUVOL is standardized and independent of the level of the risk of the fund, while
VaR will be dependent on the overall level of risk of the fund. To illustrate this point, we exhibit
in Figure 1, where the two downside risk measures are displayed against the standard deviation.
In addition, we have tted a quadratic form to capture the nature of the relationship. In Panel
A we see that VaR is increasing with standard deviation, while in panel B, DUVOL displays an
almost at relationship with the standard deviation, coming from the fact that is a standardized
measure with 1 being the reference value. This con rms the di erent nature of measures and
that the results might di er.

The mean value of DUVOL is higher than the median, which indicates a right-skewed dis-
tribution, i.e. there are extreme values that push the average upwards. The large dierence
between the mean and the median in combination with a high standard deviation (SD) and a
wide range between the minimum and maximum values indicates that the DUVOL distribution
is likely to have strong peaks and outliers, indicating periods of signi cantly higher volatility
under certain market conditions. The negative values of DUVOL represent when the downside
volatility is lower than the upside, as the ratio is logarithmic, the values of the variable become
negative. We see that these values are lower than the 25 percentile. Similarly, the mean of VaR
is also higher than the median. The mean VaR is 2.05% for daily values.

In the robustness section, we provide additional analysis using estimations using as downside
risk measures: the negative conditional skewness (NCSKEW) provided by Chen et al. (2001) ,
the VaR computed with other speci cations and downside volatility.

2.2.2. Measures of extra nancial risk

To assess non- nancial risk, we use the Morningstar Historical Corporate Sustainability Score

(ESG risk scorg, also known as the ESG risk score for corporates. This score o ers a retrospective
evaluation of a company's ESG performance over the previous 12 months. It is derived from a
weighted average of the company's monthly Portfolio Corporate Sustainability Scores. The score
is presented on a scale ranging from 0 to 100, with a higher score indicating a greater level of

6We have winsorized VaR and DUVOL at 0.005 because we notice some extremely higher outliers, possibly
due to data errors.



ESG risk.In Table 1 we see that both the mean and median values are around 23. The standard
deviation is 3 which means that values are quite concentrated around the mean.

2.2.3. ESG funds

ESG investing has undergone signi cant development. In its early stages, it primarily focused
on choosing assets that aligned with moral and ethical standards, often involving the exclusion
of sin stocks .’ Over time, the investment strategy has progressed. It moved from being sim-
ply about Socially Responsible Investing (SRI) to adopting a broader approach known as ESG
integration, which encompasses a more comprehensive strategy. This modern paradigm adopts a
holistic view, factoring in multiple dimensions of non- nancial risks in asset selection. At its core
lies the concept of the nancial materiality of non- nancial risks and their consequential impact

on security valuation® We de ne ESG funds using the classi cation from Morningstar, which
categorizes these funds based on speci ¢ ESG attributes. This approach allows us to capture the
variety inherent in ESG investing strategies. We focus on three key salient attributes: Morn-
ingstar's Sustainable Attributes framework? We utilize a dummy variable to denote whether a
fund is labelled as sustainableSustainable) during our study period. Morningstar also identi es
funds with a 'Low Carbon' label, indicating those with minimal overall carbon risk and reduced
involvement with fossil fuel companies. A dummy variable (Low Carbon) is used to tag whether

a fund is classied as a Low Carbon fund throughout the analysis period. Another aspect of
ESG funds is their use of exclusion policies. We rely on Morningstar data to determine whether
a fund employs an exclusion policyExclusiong and create a separate variable to quantify the
extent of these exclusions. In Table 1 we see that 30% of funds of our sample are classi ed as
sustainable, 45% as low carbon and 61% have exclusions polfcy.

The implementation of the Sustainable Finance Disclosure Regulation (SFDR) in March 2021
represented an important development. The SFDR allows funds to be categorized as Article 6,
8, or 9. This classi cation provides investors with clear information about the sustainability
characteristics and objectives of each fund. According to the regulation, asset managers have the
option to classify funds into article 8 (pertaining to funds that promote environmental and social

7*Sin stocks' generally refer to sectors such as tobacco, gambling, and alcohol, among others.

8Financial materiality refers to the impact that non- nancial information can have on a company's operational
and nancial performance.

91t was introduced in 2020, superseded the earlier 'Socially Responsible Fund/Socially Conscious' categoriza-
tion

0\We observe a signi cant correlation among these variables, particularly between the sustainable classi cation
and the exclusion policies. However, our tests for multicollinearity do not indicate any substantive issues arising
from these correlations.



characteristics but without prioritizing them as the overarching objective) or article 9 (pertaining
to funds with sustainable goals as their primary objective), with all other funds falling under
article 6. We additionally use this classi cation to help in the design of our research design and
for robustness.

We are interested in analysing ESG funds versus peer funds, so we construct a control sample
that includes non ESG funds, which excludes previous classi cations of Sustainable, Low Carbon,
and funds with exclusions, as well as funds that will be classied as articles 8 and 9. This
ensures that the control group strictly consists of conventional funds, devoid of any implicit ESG
in uence.

We begin by conducting an initial inspection to determine whether there are di erences
among the subsamples. Panel A of Table 2 shows the average downside risk measures by the
subgroups. The control group, conventional funds, exhibits the highest value at risk (VAR = 2.2)
and signi cantly higher asymmetric volatility (DUVOL =20.20), suggesting greater downside
risk compared to the other subsamples of ESG funds. However, we note that the basket of
conventional funds includes a large variety of investment strategies. Low carbon funds are the
ESG fund type with higher VaR and DUVOL. Figure 2 displays the distribution of both downside
risk measures by type of funds. The VaR distribution is skewed to the left, and the DUVOL
tends to resemble comparatively a more normal distribution.

Panel B of Table 2 shows the distribution of ESG scores by the types of sustainable funds.
The bulk of distribution is centered around 20-30 scores for all type of funds. The second fact to
point is that knowing that all types of ESG funds have a large frequency on the lower tail of ESG
scores (lower scores) than conventional funds. Thus, conventional funds tend to have higher ESG
risk scores than ESG funds. Notably, the Low Carbon, Exclusions, and Sustainable subsamples
display a more varied distribution in 10-20 risk scores categories. For instance, investments with
scores in the 10 range are predominantly found in the Low carbon (20.6%), Exclusions (21.7%),
and Sustainable (25.6%) subsamples. The control group, conversely, has higher percentages in
the 30 (10%) risk categories than other subsamples, indicating a broader acceptance or occurrence
of medium ESG risks.

2.2.4. Control Variables

The selection of control variables is connected to variables that could a ect either the dependent
variable or the variable of interest, speci cally in the context of an ESG fund.



Size of the fund  Previous studies indicate that Socially Responsible Investment funds are
often newer and have smaller assets compared to conventional funds. To accommodate this
di erence, our analysis includes a control for fund size. We measure this using the total value of
all share classes in millions of U.S. dollars (Total Net Assets). To address the skewed distribution
in fund sizes, we use the logarithm of this value (log TNA). Generally, larger funds have the
capacity to invest in a more diverse range of securities, potentially increasing diversi cation.
However, they might face challenges in maintaining liquidity, particularly when investing in
smaller, less liquid assets. Conversely, smaller funds often have greater exibility and can adjust
their holdings with minimal market impact. Both these factors can in uence a fund's risk pro le.

Morningstar Star Ratings and Past returns Past returns a ect the computation of our

risk measures, so we control for that e ect. Moreover, research has demonstrated that that
investor decision making is often in uenced by past performance and that Morningstar star
ratings signi cantly impact the ow of investments into funds (Evans and Sun, 2020; Ben-David
etal., 2022)* Consequently, funds with poorer past performance may be motivated to undertake
higher risks, as successful outcomes could result in increased investment ows. Research has
shown that higher -level convexity is positively associated with higher levels of risk taking by
fund managers.

In our analysis, we use Morningstar's three-year ratingsSfar ratings), which assess a fund's
historical risk-adjusted returns in comparison to other funds in the same category. These ratings
range from one to ve stars, with a higher star rating indicating superior past performance,
adjusted for risk. To account for the impact of past performance on risk-taking behaviour, our
study considers not only the returns from the previous six months but also those from the past
three semesters. This approach helps us understand how historically poor performance might
incentivize funds to engage in riskier investments. For ease of interpretation, all return values
are multiplied by 100.

Concentration of Holdings To measure concentration of holdings, we use a variable that
measures the sum of weights of top 10 holding€oncentration Top 10) in Morningstar, thus the
larger it is, the larger is concentration. Morningstar de nes a8The aggregate assets, expressed
as a percentage, of the fund's top 10 portfolio holdings. This gure is meant to be a measure of
portfolio risk. Speci cally, the higher the percentage, the more concentrated the fund is in a few
companies or issues, and the more the fund is susceptible to the market uctuations in these few

1 Additionally, research has shown that higher -level convexity is positively associated with higher levels of risk
taking by fund managers (Chen and Pennacchi, 2009; Ferreira et al., 2012; Fu et al., 2012)
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holdings. Cash and cash equivalents are generally not included in this calculation. (An exception
is made for money market portfolios.)"

Static Fund Variables In our study, we use several dummy variables to control for fund
characteristics that could contribute to higher risk. These variables help us control for specic
fund features in our analysis. The key features we consider are as follows:

Index (Index) Index Funds are pure passive funds. Table 1 shows that 8% of our sample are
index funds.

Non-Diversi ed Funds (Non-Diversi ed): Identi ed by Morningstar as non-diversi ed, these
funds do not spread their investments across a wide range of assets, potentially increasing their
risk due to higher concentration in speci c stocks, sectors, or regions. This binary attribute is
obtained from the fund's prospectus language. Table 1 shows that 6% of our sample are non
diversi ed funds.

Institutional Funds (Institutional ): Funds with share classes designed for institutional in-
vestors typically involve more sophisticated investors who may be more inclined to take risks.
These funds cater to the needs and expectations of institutional investors, who often have di er-
ent risk-return pro les compared to retail investors. Table 1 shows that 53% of our sample are
funds with an institutional share class.

Investment style Additionally, we use Morningstar equity style box, which determines the
investment style of each individual stock in its database. The style attributes of individual stocks
are then used to determine the style classi cation of stock portfolios. We consider investment
styles such as size (large-capLdrge) vs. small-cap Small)) and value strategy (value {alue)

vs. growth (Growth)). These styles have distinct risk pro les, with small-cap and growth funds
generally perceived as higher risk compared to large-cap and value funds, respectively. Table 1
shows that 68% of our sample are large capitalization funds, while 11% small capitalization funds.
22% of our sample are classi ed as value funds, while 30% are classi ed as growth funds.

Table 3 presents the correlations among the variables analysed in our study. Correlation
between the two risk measures, Value at in the robustness section and Down-Up Volatility (DU-
VOL), is relatively low at 0.04. This indicates that VaR and DUVOL are in uenced by di erent
factors and demonstrate distinct behavioural patterns. This di erence may stem from VaR being
expressed in absolute returns, while DUVOL is a standardized measure, representing a ratio of
the two-state volatility of an asset. This distinction is further evident in the way the ESG risk
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score correlates with these measures: the correlation in higher with VaR than with DUVOL. Ad-
ditionally, We observe that sustainable, low carbon and funds that implement exclusion policies
show a negative correlation with both DUVOL and VaR.

Regarding fund characteristics, our analysis highlights varied correlations with risk measures
based on fund styles. Speci cally, small-cap and value styles exhibit positive correlations with
ESG risk scores, while the large-cap and growth style shows a negative correlation.We also
note a positive correlation between fund concentration with VaR and negative with DUVOL.
Moreover, non-diversi ed funds are positively correlated with concentration, indicating a higher
concentration on top holdings.

3. Empirical Results

3.1. Do ESG Funds Have Lower ESG Risk Scores ?

We start by analysing whether ESG funds have higher or lower ESG risk controlling for di erent
fund features. We do the following regression where the dependent variable are ESG risk scores,

ESG Risk Scorg = o+ ESG_Fund, + Xt 1+ FE+ "} (1)

ESG_Fund are our dummies that indicate whether the fund is Sustainable, Low Carbon
or has exclusions anX _ (i;t 1) is a set of fund control variables. will be our coe cient of
interest, if ESG funds have higher (lower) risk, the coe cient should be positive (negative).
We control for fund investment styles using Morningstar categories, and time e ects.

Given our objective of comparison of ESG funds with conventional funds. We use a control
sample consisting exclusively of funds that are not classi ed as any "ESG label" as Sustainable,
Low Carbon, do not apply Exclusion policies, and are not labelled on SFDR categories. This
method ensures that our comparisons focus solely on types of ESG and conventional funds. In
Table 4 column (1) compares Sustainable funds with conventional funds. In column (2), we
evaluate Low Carbon funds alongside the control sample. Similarly, column (3) compare funds
with Exclusions with conventional funds. Analysing all these funds together could potentially
confound our analysis, so we carefully separate the comparisons for clearer insights. The results
of estimation of Equation 1 displayed in Table 4 show that the coe cients for our three ESG
fund proxies are negative and statistically signi cant. This suggests that ESG funds tend to be

12



linked with lower ESG risk scores, a nding that aligns with correlations on Table 3.

Additionally, we observe trends in ESG risk scores based on the investment style of the funds.
Funds that focus on value and small-cap stocks tend to have higher ESG risk scores. In contrast,
funds that concentrate on large-cap and growth stocks usually show lower risk scores. These
patterns remain consistent across various models in the table. We also note that funds with
higher star ratings are associated with lower ESG risk scores. Regarding the explanatory power
of our models, indicated by theR? value, it is relatively high. This suggests that the model
explains well the variation in ESG risk scores.

We have also recomputed this table using Morningstar sustainability globes as dependent
variable, or incorporating scores from the environmental, social, and governance pillars. The
ndings reveal that ESG funds not only achieve higher globe ratings but also exhibit lower risk
scores, particularly in the environmental pillar (results available from authors upon request).

3.2. Do ESG risk scores capture downside risk?

The question we tackle in this section is whether ESG risk scores capture downside risk. To
investigate this, we rst conduct a visual analysis by plotting downside risk measures against ESG
scores. We also add a quadratic form to understand better the nature of the relationship. Figure 3
reveals that Value at Risk tends to increase with ESG scores, at an increasing rate, indicating
that higher ESG risk scores have a stronger impact on VaR. However, DUVOL does not show
any clear relationship with ESG scores, we observe a at line. To gain more insight, we examine
other key variables. The standard deviation increases with ESG scores and shows a similar
marginal increasing relationship with ESG scores. Returns exhibit a concave pattern, meaning
that funds with both very low and very high ESG scores tend to underperform. Finally, star
ratings, which are risk and category adjusted performance metrics, have a declining relationship
with ESG scores, suggesting that better-performing funds within each category generally have
lower ESG scores.

Overall, this analysis indicates that ESG risk scores are linked to general risk levels, but their
relationship with downside risk, as measured by DUVOL, is less clear.

Next, we analyse the relationship between ESG risk scores and downside risk, focusing
whether di erences exist across subsamples by examining conventional funds, sustainable funds,
low-carbon funds, and funds with exclusions. We explore both linear and nonlinear speci cations,
given that VaR and volatility often have nonlinear relationships with predictors, particularly
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driven by market events (Mittnik et al., 2015). Nonlinear models more e ectively capture asym-
metric responses, which are crucial when analysing reactions to market events. This is relevant
for DUVOL because it is a ected by both rising and falling volatility.

To disentangle the e ect of ESG risk, we separate the conventional funds and the types of
ESG funds. Table 5 presents the results. To start, we note that much of the observed variability
can be attributed to investment style and time e ects, as indicated by the Rvalues. In Panel
A, the coe cients for the ESG Risk Score are positive across subsamples, but they are higher
for ESG funds. This means that higher ESG scores are associated with higher downside risk.
The coe cients past 6 months returns and star ratings are negative and signi cant across the
models. This shows that good performance is associated with lower downside risk, as highlighted
in the correlation table. The coe cient of concentration of holdings is positive and signi cantly
statistically, which implies that higher concentration of holdings correlates with higher downside
risk. The coe cients fund size and non-diversi ed are not signi cant. The investment style of
large Capitalization is not statitically signi cant in conventional funds, but is negative on ESG
funds. Growth style coe cient is positive indicating impacts of this investment style on VaR.

An intriguing nding emerges on Panel B, when examining the relationship between ESG
risk scores and DUVOL within ESG-focused funds. We nd no signi cant relationship for ESG
funds, while a negative one appears in the control group. The coe cients past 6-months returns
and star rating are positive and signi cant across the models. This shows that good performance
is associated with higher DUVOL. The coe cient of concentration of holdings is negative, which
implies that higher concentration of holdings correlates with lower DUVOL. The coe cient of
fund size is negative and statistically signi cant.

Two main results emerge from our analysis: First, that the relationship between ESG risk
scores and VaR is positive and nonlinear. Secondly, that the relationship between ESG risk scores
and DUVOL seems absent in ESG funds but negative in the control sample. These ndings
highlight the need to consider di erent speci cations for these variables, as they have distinct
underlying drivers. Multicollinearity tests reveal high multicollinearity between ESG scores and
their squares. As a result, we continue using the squared term in subsequent speci cations. This
choice is further justi ed by the visual inspection of Figure 4, where we see that the relationship
between VaR and ESG scores is convex, and DUVOL and ESG scores is concave.
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3.3. Do ESG Funds Have More Downside Risk?

In this subsection, we analyse whether ESG funds have more downside risk, and thus investors
have more probability of losses. We run the following regression where the dependent variable
are downside risk measures VaR and DUVOL,

Downside Risk; = ¢+ ESG_Fund;, + Risk Scor¢, + X iy 1+ FE+ "y (2)

ESG_Fund are our dummies that indicate if the fund is labeled Sustainable, Low Carbon
or applies exclusions ancK _ (i;t 1) is a set of fund control variables. will be our coe cient
of interest, if ESG funds have higher risk, the coe cient should be positive. The coe cent
will control for the e ect of ESG risk scores. As shown on Table 5, is expected to be positive
for VaR and not to be staitically signi cant for DUVOL. We control for investment style e ects
using Morningstar categories, and time xed e ects.

We keep the regressions running between the di erent ESG categories and the control group
of conventional funds, to better isolate theESG fund e ect. Table 6 presents the results, Panel
A for VaR and Panel B for DUVOL. Columns (1), (3) and (5) of Panel A show that ESG
funds coe cients are not statistically signi cant, but when we add the risk score, the coe cients
become positive and signi cant for funds with exclusions policies. This means that sustainable
funds and funds with exclusions have higher downside risk compared to non-sustainable funds.
The coe cients of star rating and past performance are negative as in Table 5, and the coe cient
of concentration of holdings is signi cantly positive, which implies that higher concentration of
holdings correlates with higher downside risk. The coe cient of the Large Cap investment style is
negative and statistically in most cases, meaning that this investment style tends to be negatively
associated with VaR, while for the Growth investment style funds, we nd the opposite e ect.

In Panel B of Table 6, the dependent variable is DUVOL, and in all the models the coe -
cient is negative. For sustainable funds and funds with exclusions,is statistically signi cant
suggesting that funds labelled as sustainable are associated with lower DUVOL. For Low Car-
bon funds, the coe cient is positive but not statistically signi cant. The coe cient of variable
ESGRiskScorée? is negative and statistically signi cant, mostly driven by non ESG funds as
suggested in table Table 5. The other coe cients do not show much di erence from Table 5.
Concentration of holdings shows negative coe cients. Star Rating and past 6-months returns
have positive and signi cant across all models, suggesting a positive relationship between perfor-
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mance and downside risk. Another point worth to notice is the loweR? value, indicating lower
explanatory power of the model compared to the VaR one.

The overall analysis of Table 6 con rms again that the factors in uencing Value at Risk and
Downside to Upside Volatility seem distinct, as already noticed by the low correlation between
variables and the evidence of Table 5, pointing to di erent underlying drivers for these two
downside risk measures. We next proceed with di erent analysis that aim to explore the non-
linearities we nd and the disentangling of the simultaneous e ect of ESG funds and ESG scores.

3.3.1. Quantile regression analysis

We proceed to re-examine whether ESG funds exhibit greater downside risk by employing quantile
regression. This method o ers a more nuanced perspective, especially regarding the behaviour
of ESG funds under conditions of higher losses and increased downside volatility. Our primary
focus is on the coe cients corresponding to the upper quantiles, as these represent scenarios with
potential losses. In our analysis, we estimate the quantile regression incorporating fund-speci c
variables and time xed e ects, enabling a more detailed understanding of the risk dynamics in
ESG funds.

Table 7 presents the results of our quantile regression analyses. Due to space constraints and
the extensive size of tables typically generated by quantile estimations, we only include the results
for Sustainable funds in the main document. Results for other ESG fund classi cations are avail-
able in the supplementary appendix. The overall patterns observed across these classi cations
are similar.

The inspection of ESG Risk Scorfeon the di erent quantiles is quite enlightening about the
relationship with downside risk measures. There is an increasing trend with both downside risk
measures, so its impact is higher at higher quantiles. However, the di erence is that in VaR the
coe cient is always positive in all quantiles, while in DUVOL in negative in the lower quantiles
and positive in the upper quantiles, elucidating the lack of statistical signi cance observed in
Table 5 and in Table 6. This variation across quantiles suggests that the coe cient is not
constant. Our dependent variable being a ratio, lower values imply that the denominator (upside
volatility) is more signi cant than the numerator (downside volatility), resulting in a ratio lower
than 1, that converted to log becomes negative. For this case, we nd a positive coe cient.
Conversely, in the upper quantiles, downside volatility outweighs upside volatility, thus the ratio
is higher than 1, and the log is positive, and we nd a negative coe cient. Overall, it suggests
that ESG risk scores are positively related with upside volatility and negatively related with
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downside volatility. For the variable ESG fund, we consistently observe a negative coe cient
. Increasing in VaR and decreasing with DUVOL, suggesting that ESG funds are less likely to
have downside risk, but with changes of intensity over the quantiles.

3.3.2. Matching on ESG scores and other fund features

The close relationship between ESG funds and ESG scores prompted us to conduct additional
analysis. To better distinguish the e ect of ESG funds from ESG scores, we utilize matching
methods that help identify and control for potential confounding variables. The core of this
approach involves creating two comparable groups: a 'treated’ group, comprising ESG funds,
and a 'control' group made up of non-ESG funds.

In a rst step, we examine the fund characteristics most closely linked to being labelled as
an ESG fund. We employ a logistic regression and assess the signi cance of the variables using
margins and t-statistics. The results indicate that ESG funds are more likely to be categorized
under Growth or Large capitalization investment styles but are less likely to be indexed, non-
diversi ed, or value investment style. As expected, they are also associated with lower ESG
scores. The variables selected to match samples are the ESG risk score and investment styles,
which include Growth, Large, Index, and Non-Diversi ed. These variables were chosen to ensure
comparability between the groups and to prevent confounding e ects?

To improve this process, we perform period-by-period matching with replacement and calcu-
late propensity scores. We then exclude the lowest quartile of funds based on their propensity
scores to enhance the comparability of the groups, dropping observations with poorer matches.
After the matching process, we have two well-de ned groups: the "Treated' group (ESG funds)
and the 'Control' group (non-ESG funds). By comparing these groups, we can more accurately
assess whether the lower Value at Risk observed in ESG funds is attributable to their ESG
attributes or if other confounding factors are a ecting the results.

Next, we reestimate Equation 2 using the matched sample. The results are presented in
Table 8. Sustainable funds are not statistically signi cant for VaR in column (1). However,
when we add the ESG risk score to the model, the coe cient becomes positive and statistically
signi cant. For DUVOL, the coe cient of Sustainable funds is not statistically signi cant in
any of the speci cations. However, the ESG risk score is statistically signi cant and positive.
(Results for other ESG fund classi cations available from authors upon request).

1?Results of the logistic regression are presented in supplementary appendix.
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3.3.3. Instrumental Variables

In this section, we continue with alternative methods to analyse the e ect of ESG funds and
ESG scores on downside risk, now using instrumental variables (IVs) that are a powerful tool
for removing unmeasured confounding and endogeny that can bias estimates of causal e ects in
observational studies (Arellano and Bover, 1995; Honoré and Hu, 2004). IVs can mitigate the
e ects of unmeasured confounders by in uencing treatment choice without directly a ecting the
outcome, allowing more reliable inferences about causal relationships.

We carefully select two variables as instruments for our analysis. The rstis a dummy variable
indicating whether a company has signed the Principles for Responsible Investment (PRI)The
second instrument is a dummy variable for growth investment style. Investment companies that
adhere to the PRI are more likely to o er sustainable funds, so we identify these companies and
create a dummy variable for their a liation. Our tables show that the growth investment style
is highly correlated with ESG funds. While selecting suitable and valid instruments is always
challenging due to the di culty in nding appropriate ones, we aim to clarify the relationships
by choosing these distinct instruments.

For reasons of clarity, we only present the results for sustainable funds on Table 9. The
results for other ESG fund classi cations can be found in the Supplementary Appendix. In
Panel A, we nd that in all speci cations, the coe cient of sustainable funds is positive and
statistically signi cant for VaR. The coe cient of the square of the ESG risk score yields
consistently statistically signi cant positive coe cients in all models. In Panel B, the coe cient
is statistically insigni cant or negative and statistically signi cant, depending on the instrument.
The other variables are consistent with the previous analysis, and we do not repeat the comments
for the sake of brevity.

Overall, the results are consistent with those of Table 6 and the conclusions from the use
of matching methods, which underlines the robustness of the results of the dierent e ects
depending on the measure.

13Recent papers that use this methodology are, for instance, Mertzanis and Tebourbi (2024); Powell (2022);
Rakowski and Yamani (2021)

Y¥Principles of Responsible Investment (2015) de ned the Principles for Responsible Investment (PRI) as an
international initiative endorsed by the United Nations in 2006. It is a set of guidelines developed by investors
for investors that aim to integrate environmental, social and corporate governance (ESG) factors into investment
strategies. The main objectives of the PRI are to promote sustainable nancial practices, mitigate investment
risks and achieve long-term returns. The e ects of PRI compliance can be observed through statistical data
re ecting increased investment in sustainable initiatives, reduced nancial risks associated with ESG factors and
improved corporate governance in companies.
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3.4. Do fund features predict Downside risk?

In this section, we investigate the research question through the lens of predictability. Existing
evidence supports non-linear relationships between dependent and independent variables, so we
employ machine learning methods, such as random forests, to analyse the relationship between
our variables of downside risk and ESG funds, and ESG risk scores.

Random forests are a powerful ensemble learning method often used for classi cation, re-
gression and other prediction tasks. This method builds on the concept of decision trees and
combines the predictions of numerous trees to mitigate the problem of over tting that often
occurs with single decision trees. By incorporating randomness in both the selection of split
candidates and the bootstrap sampling of data points, random forests improve the prediction
accuracy and robustness of the model.

In our research, we use the packagandomForest in R (Liaw and Wiener, 2023), where we
set the parameterntree to 1000 to construct 1000 decision trees to improve the stability and
predictive power of the model. Choosing a large number of trees helps to achieve a good balance
between bias and variance, e ectively capturing complex structures in the data while avoiding
over tting.

An important aspect of using this methodology is the evaluation of the importance of the
variables using the IncNodePurity measure. This measure quanti es the increase in the predic-
tion error of the model when the values of a variable are permuted across nodes. In Random
Forests, IncNodePurity is calculated by summing the reduction in node impurity (variance in the
regression) attributed to each variable across all trees. Variables with a higher IncNodePurity
are considered more important as their correct values are crucial to achieve a lower prediction
error. This gives a clear indication of which features contribute most to the prediction model. To
improve the interpretability of the results, we calculate the sum of the measure of node impurity
measure across all variables. Each variable is then weighted so that the total sum of all variable
weights equals one.

Given that, we have a panel dataset consisting of observations over time for di erent funds.
To evaluate the prediction performance of our model, we split the data into a training and a
testing dataset, where 80% of the funds data are used for training and the remaining 20% for
testing.

Our prediction task speci cally targets the last semester of the dataset to gain insights into
the temporal dynamics and possible future trends in the panel data. To evaluate the predictions
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of our model, we use di erent statistical measures. The Mean Absolute Error (MAE) provides

a simple interpretation of the average error magnitude without considering the direction. Root
Mean Squared Error (RMSE) is a more sensitive measure where errors are squared before averag-
ing, penalizing larger errors more heavily, which is particularly useful for highlighting the impact

of outliers. In addition, the coe cient of determination, commonly known asR?, measures the
proportion of variance in the dependent variable that is predictable by the independent variables.

It provides a scale-free value that we can use to assess the explanatory power of the model.

Results The use of random forests provides valuable insights into the hierarchical importance
of variables that in uence downside risk. In these models, the concept of variable importance
helps to understand how di erent predictors contribute to the model's predictions.

In the Value-at-Risk model, the analysis shows that past returns, ESG scores and the concen-
tration and size of the funds are the most important variables. These factors strongly in uence
the model's ability to predict downside risk. On the other hand, the sustainable fund designa-
tion is less important for predicting short-term nancial risk. For the DUVOL model, the results
are consistent and show that past returns and fund concentration are the most important indi-
cators besides ESG risks. In addition, fund size is signi cant, suggesting that larger funds may
have higher risk. Similar to the VaR results, the sustainable label of a fund is not an important
predictor for the DUVOL model.

Figure 5 provides a basis for discussing the impact of di erent variables on downside risk
measures. In terms of Value-at-Risk, the variable concentration on the top 10 holdings initially
has an increasing e ect, meaning that as concentration increases, so does the level of downside
risk. At higher concentration levels, however, this relationship weakens and the marginal e ects
decrease. In the case of DUVOL downside risk, the e ect of concentration is exactly reversed.
Initially, it has a diminishing e ect on DUVOL, but after a certain point its in uence increases
again, which means that a higher concentration ultimately leads to a higher downside risk. The
relationship between ESG risk scores and downside risk measures is more complex. For Value-at-
Risk, the relationship is initially at, indicating minimal in uence. However, the in uence of risk
scores then increases and leads to higher VaR values. However, this increasing e ect is eventually
reversed, and the in uence decreases again. With DUVOL, the relationship is at at lower risk
values. However, as the values increase, the relationship increases again. We note that the ESG
scores show most of the distribution between 10 and 30 scores, so meaningful conclusions should
be drawn from this. The numbers allow us to understand the non-linear relationship between
the variables.
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Finally, Table 10 shows the out-of-sample performance metrics for the last semester. The
results indicate that the predictions of Value-at-Risk are generally more accurate than those of
DUVOL downside risk, as evidenced by lower RMSE and MAE values and a comparatively high
R2.

4. Robustness Analysis

4.1. Other Downside risk measures

We have re-analyzed the estimates by using other proxies for downside risk such as the negative
conditional skewness (NCSKEW) of Chen et al. (2001) as a measure of nancial risk. NCSKEW
is a nancial metric that describes the asymmetry of return distributions and emphasizes the neg-
ative side. It quanti es the likelihood and severity of negative returns, with a higher NCSKEW
indicating a greater risk of negative returns due to a longer or thicker left tail. This measure

is particularly valuable during nancial crises or bear markets when investors are especially
concerned about potential losse's.

In addition, we have taken downward volatility (DVOL) into account. We have also used
other methods to calculate the Value-at-Risk, in particular the modi ed VaR (VaR-M) and the
Gaussian VaR (VaR-Gaussian). These metrics are calculated semi-annually, from June 30, 2018
to December 30, 2022, based on approximately 120 daily observations.

Figure 7 illustrates the relationship between these indicators and the ESG scores. The VaR
and volatility measures show a convex relationship with the ESG scores, while the negative
skewness shows a concave relationship.

We re-stimate our main Equation 2 with dependent variables, the above variables. Panel
A of Table A17 in the supplementary appendix presents results for other VaR measures. The
ndings for modi ed VaR are similar, a positive coe cient observed for low carbon and funds
with exclusions. Sustainable funds show no signi cant relationship with VaR. For negative
skewness, ESG risk scores appear more in uential than Sustainable funds. Exclusion funds have
a negative coe cient, while sustainable funds show no signi cant relationship, and low-carbon
funds reveal a signi cant positive relationship when ESG risk scores are added. Regarding
downside volatility, low-carbon funds have a positive coe cient. However, the coe cients for

15A recent application of this measure is in Jung et al. (2022), which employs various crash risk measures,
including NCSKEW, to investigate rm-speci c factors contributing to crash risk.
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sustainable and exclusion funds are not statistically signi cant.

5. Conclusion

In recent years, the interest in sustainable investing has notably increased, bringing Environmen-
tal, Social, and Governance funds into prominence. These funds, which prioritize investments
based on ESG criteria, have become a signi cant component of the global investment landscape.

ESG investing, integrating non- nancial factors in valuation and security selection, remains
controversial. The inclusion of ESG criteria might limit investment options and lead to under-
investment in certain industries or regions, potentially reducing diversi cation and increasing
downside risk. However, investing in companies with strong ESG practices could lead to better
risk management and potentially enhance performance.

The study seeks to Il the gap in understanding the downside risks associated with ESG
funds, focusing on two key metrics: Value at Risk (VaR) and Downside-to-Upside Volatility
(DUVOL) computed using data from 2019 to 2022 for a large sample of international funds.

The regression analysis reveals that ESG funds are positively associated with VaR, suggesting
lower likelihood of losses. However, there is no signi cant statistical relationship with DUVOL.
Quantile regressions, particularly on upper quantiles which indicate higher loss risk, show that
the negative correlation with ESG funds is more pronounced in these riskier scenarios. The
coe cients for DUVOL vary across quantiles, being positive in lower ones and negative in upper
ones, which explains the absence of a clear relationship in initial analyses. Thus, the detailed
inspection of quantiles shows evidence supportive of the association between ESG funds and
lower downside risk.

The study reveals that the behaviours of the two proxies for downside risk Value at Risk
(VaR) and Downside-Upside Volatility (DUVOL) do not always align. This discrepancy is
largely due to the di erences on the focus of these measures. However, they are still valuable as
they provide complementary perspectives on risk.

ESG risk scores seem to subsume ESG funds importance, and seem to be an indicator of
downside risk. The machine learning evidence seem to con rm that they are important signals.

We acknowledge several limitations in our study. The chief one is related to data constraints.
Our analysis is based on more recent periods, where data quality is comparatively higher. We
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also recognize that our study might not encompass the full spectrum of ESG strategies, and it
is noteworthy that conventional funds encompass a wide range of strategies. To counter this, we
have included various style and category xed e ects in our analysis.

The research also indirectly addresses the nancial materiality of ESG risks. It provides
empirical evidence on the e ectiveness of ESG risk management, scrutinizing the nancial losses
and risk-return pro les of ESG funds. This is central to discussions about whether comprehensive
assessment and integration of ESG risks can enhance investment outcomes, thus o ering insights
into the practical application of ESG risk management in investment decisions.

Our ndings are particularly relevant for regulators. In Europe, for instance, the EU's Sus-
tainable Finance Disclosure Regulation (SFDR) mandates nancial market participants to dis-
close their integration of ESG factors in investment decision-making, aiming to enhance trans-
parency and encourage the consideration of ESG factors. In the US, the stance on ESG investing
is more divided. The US Department of Labour, in 2020, issued guidance permitting ESG invest-
ing as part of duciary investment strategies, provided it focuses on economic bene ts and does
not compromise investment returns or increase risk. However, this guidance was subsequently
retracted in 2021. The evolving regulatory landscape underscores the importance of our work in
informing policy and regulatory decisions.
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6. Figures

Figure 1. Downside Risk versus Standard Deviation. Panel A displays Value at Risk (VaR),
Panel B displays Downside to Upside Volatility (DUVOL). A quadratic form is tted to data.
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Figure 2. Histogram of Downside risk measures by subsamples. Panel A displays Value at Risk,
Panel B displays Downside-to-upside Volatility. A normal distribution is tted to the graph.
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Figure 3. Downside risk measures versus ESG risk scores. Panel A displays Value at Risk,
Panel B displays Downside-to-upside Volatility. Panel C displays Standard Deviation. Panel D
displays 6 months returns. Panel E displays fund star ratings.
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