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3 Abstract

The integration of sustainability factors into investment decision-making has become a fundamental
aspect of contemporary asset management. The establishment of dedicated responsible investment teams
and the appointment of Chief Sustainability Officers underscore the increasing prominence of
environmental, social, and governance (ESG) considerations. This trend is driven by both strategic
business imperatives and regulatory mandates, with proponents arguing that ESG integration enhances
risk management and long-term investment opportunities. Empirical studies suggest that firms with
strong ESG practices demonstrate superior risk mitigation capabilities, leading to reduced volatility and
improved risk-adjusted returns. Additionally, high ESG-rated companies tend to experience lower
financial risks, reduced capital costs, and enhanced operational performance, attracting socially
conscious investors.

Regulatory frameworks, particularly in Europe, play a crucial role in driving ESG integration. The
European Union’s Sustainable Finance Disclosure Regulation (SFDR) mandates asset managers to
disclose their ESG integration practices, aligning financial markets with broader sustainability
objectives. Compliance with such regulations not only ensures adherence to legal requirements but also
positions investors advantageously in a market increasingly valuing sustainability.

This study investigates the relationship between ESG integration and investment performance through
two key analyses. The first chapter examines whether highly-rated ESG investments generate alpha,
focusing on 297 open-ended equity funds in the European market from 2014 to 2021. Results indicate
no consistent relationship between sustainability levels and equity factor exposure, though governance
quality and carbon scores exhibit significant correlations with alpha generation. The second chapter
assesses whether sustainability factors influence financial risks across global equity markets, including
the World, World ex-US, and US indices. Findings suggest that sustainability scores have limited
explanatory power for financial risks, with modest effects observed in higher-risk spectrums and during
crisis periods, such as the COVID-19 pandemic. Ultimately, the study concludes that ESG integration
should be primarily viewed as a mechanism for corporate responsibility and ethical investment rather
than a definitive tool for risk reduction or alpha generation.



4 Introduction

The integration of environmental, social, and governance (ESG) considerations into investment decision-
making has become increasingly widespread, underpinned by evolving regulatory frameworks and
shifting investor priorities. ESG integration is frequently posited as a means of enhancing financial
performance—whether through the generation of excess returns or the mitigation of financial risk.
However, the empirical evidence on its efficacy remains inconclusive, with existing research producing
mixed findings. This thesis provides a structured examination of the financial materiality of ESG
considerations, assessing whether sustainability metrics contribute to investment outperformance or

serve as an effective risk-mitigation mechanism.

The first chapter investigates whether mutual funds with high ESG ratings generate alpha within the
European equity fund universe. Employing both holdings-based and time-series analyses—placing
primary emphasis on the former—the study finds no consistent relationship between ESG scores and
excess returns, with performance predominantly explained by static factor exposures. Likewise, dynamic
return—defined as the cumulative effect of factor timing and security selection alpha—appears largely
unrelated to ESG factors. However, governance quality is identified as a statistically significant
determinant of alpha, particularly among the highest-performing funds in Europe. Notably, the
relationship between alpha and governance scores exhibits a dichotomous and non-linear structure, a
pattern that, to the best of my knowledge, has not been documented in the literature. This finding
remains robust even after accounting for an extensive set of control variables, exceeding those used in
comparable studies such as Madhavan, Sobczyk, and Ang (2021). The observed relationship between
superior governance scores and stock selection efficacy may be linked to the correlation between stronger
governance risk management and enhanced corporate operating profitability, as discussed by Bebchuk,
Cohen, and Wang (2013). Consequently, governance scores at the fund level may serve as an indirect

proxy for identifying companies with superior corporate operating profitability.

The second chapter extends the analysis by shifting the focus from return generation to risk reduction.
It examines whether firms with higher ESG ratings exhibit lower financial risk across the World, World
ex-US, and US equity indices. Additionally, it evaluates the extent to which ESG factors mitigate
downside risk—particularly during periods of market stress such as the COVID-19 pandemic—and
assesses whether ESG ratings possess predictive power for future financial risk. The findings suggest
that ESG scores generally exhibit a weak and inconsistent relationship with financial risk, a conclusion
that contrasts with some prior studies (e.g., Dunn, Fitzgibbons, and Pomorski 2018). While there is
some limited evidence to suggest that environmental and carbon metrics may offer some modest
predictive insights over longer time horizons, the capacity of ESG factors to systematically reduce

financial risk appears constrained.



This thesis makes several contributions to the academic literature on sustainable finance. First, it
provides a dual-perspective analysis, assessing ESG’s role in both return enhancement and risk
mitigation—whereas much of the literature tends to examine these dimensions in isolation. Second, it
employs a rigorous methodological framework that accounts for endogeneity concerns, addressing
econometric limitations such as omitted variable bias and spurious correlations, which have often
weakened prior empirical studies. Third, it offers a more nuanced perspective on the role of governance,
demonstrating that governance quality, rather than composite ESG scores, is the primary sustainability-
related driver of alpha. Fourth, it challenges the assumption that ESG integration inherently reduces
investment risk, instead demonstrating that its impact on risk profiles is, at best, secondary and highly

context-dependent.

By integrating these perspectives, this thesis advances the debate on ESG integration by advocating for
an evidence-based approach to sustainable investing. The findings indicate that while ESG
considerations may align with ethical and regulatory objectives, their financial benefits are neither
uniform nor assured. This research stresses the importance of disentangling governance effects from
broader ESG factors and ensuring that sustainability integration within investment strategies is

supported by empirical validation rather than assumption.



5 Chapter 1: Evaluating the impact of

sustainability and Znancial performance

5.1 Introduction

From its modest origins, when religious groups established ethical standards for their investments,
sustainable investing has evolved substantially. Today, it is embraced by the world's largest investors,
notably some of the most influential sovereign wealth funds such as the Government Pension Investment
Fund (GPIF) of Japan, the Government Pension Fund Global (GPFG) of Norway, and the Central
Provident Fund (CPF) of Singapore. Its rapid growth is evident in ESG-themed investment funds, which

reached US$2.7 trillion in 2021—a 53% increase from the previous year (Kishan 2022).

Early approaches to sustainable investing, often termed ethical or socially responsible investing (SRI),
focused on excluding companies based on moral criteria. In contrast, contemporary ESG investing
integrates environmental, social, and governance factors into analysis both to inform investment
decisions and to manage risk while seeking opportunities (Bernow, Klempner, and Magnin 2017). The
balance between financial and sustainability objectives, and the emphasis placed on different ESG
dimensions—climate, social, or governance—varies across funds, shaping distinct investment styles. This
transformation has been driven by enhanced access to ESG data, evolving public policies, and shifting
investor preferences. For example, millennial investors increasingly prioritise ESG factors (IEMA 2020),
while regulatory measures such as France’s Article 173 mandate the disclosure of climate-related risks
(Baker McKenzie, Principles for Responsible Investment 2017). Improved data access has not only
spurred scholarly research into ESG’s impact on asset valuation but also led to its routine use in mutual

fund due diligence.

Our study makes a unique contribution to the literature in three distinct ways. First, by focusing
exclusively on European equity funds and using a dual-method approach (returns-based and holdings-
based analyses), we contribute a more region-specific perspective that overcomes the limitations of prior
US-centric, often returns-only studies. Second, our methodology deconstructs fund returns into dynamic
and security selection components, thereby contributing granular insights into how specific ESG
factors—particularly governance—affect performance. Third, by disaggregating composite ESG scores,
we contribute evidence of non-linear relationships that challenge the conventional view of ESG’s uniform
impact on fund returns. We focus on funds rather than individual stocks because funds aggregate the
ESG integration efforts of professional managers, thereby providing a more robust measure of the impact
of sustainability on investment performance, whereas stock-level analyses are more susceptible to

idiosyncratic noise. Additionally, a purely stock-level approach might lead to different insights by



emphasising each firm’s specific ESG profile and higher idiosyncratic volatility, which do not necessarily
reflect the net effect of active portfolio management, factor tilts, or the diversification inherent in mutual
funds. While evidence from the US is mixed (e.g. Madhavan, Sobczyk, and Ang 2021; Milonas et al.

2022), this research seeks to clarify these relationships in the European context.

This study builds upon existing ESG literature by addressing key methodological gaps, particularly in
the reliance on composite ESG scores in much of the research and the assumption of linearity in return
dynamics. Unlike most prior research, which primarily evaluates ESG’s impact on excess returns (e.g.,
(Nofsinger and Varma 2014)), this study disaggregates return components to separately examine
dynamic return and security selection alpha. By employing a holdings-based approach and incorporating
quantile regressions, it provides a more granular understanding of the asymmetric effects of sustainability
factors on fund performance. Furthermore, while much of the existing literature is US-centric, this
research focuses on European mutual funds, where ESG disclosure is more advanced, offering insights

that are more reflective of regulatory and market realities in sustainable finance.

The remainder of the paper is structured as follows. Section 2 reviews the literature. Section 3 outlines
the theoretical framework and hypotheses. Section 4 describes the data, while Section 5 presents the
descriptive statistics. Section 6 details the methodology, followed by Section 7, which discusses the

empirical results. Finally, Section 8 concludes with investment implications.

5.2 Literature Review

Sustainability and Risk-Return Pro/les: An Ongoing Debate

The relationship between sustainability and risk-return profiles remains a subject of extensive debate.
While sustainable investing has gained prominence, empirical evidence on its financial impact remains
inconclusive due to methodological disparities, regulatory fragmentation, and the evolving definition of
ESG factors. The extant literature presents mixed findings: some studies argue that strong sustainability
characteristics enhance returns by mitigating risk and improving long-term resilience (Madhavan,
Sobczyk, and Ang 2021), while others contend that sustainability-linked stocks either underperform or
exhibit no discernible financial advantage (Kriiger 2015). These divergent conclusions are further
complicated by the proliferation of ESG frameworks and the increasing sophistication of investment

strategies.

FEvolution of ESG: From FEthical Exclusions to Material Risk Integration



The conceptualisation of sustainable investing has evolved significantly. Initially, it was dominated by
ethical exclusions, in which investors screened out industries such as tobacco, firearms, and alcohol based
on moral imperatives rather than financial considerations (Renneboog, Horst, and Zhang 2008). By the
2000s, this approach evolved into ESG integration, with sustainability factors incorporated as material
drivers of risk and return (Eccles, Ioannou, and Serafeim 2014). This shift was facilitated by
improvements in ESG data availability and regulatory interventions, such as the European Union’s Non-

Financial Reporting Directive (NFRD) in 2014, which mandated corporate sustainability disclosures’.

Despite these advancements, the literature frequently conflates exclusionary strategies with integrated
ESG investing, leading to inconsistent empirical conclusions. Early research, such as (Statman 2000)
treated socially responsible investment (SRI) funds as a homogenous category, overlooking variations in
ESG implementation. More recent studies, such as (Nofsinger and Varma 2014) distinguish between
exclusionary screening and ESG integration, demonstrating that while ESG funds outperform
conventional counterparts during market crises, they tend to underperform in stable periods. This
suggests that ESG strategies may exhibit asymmetric risk-return characteristics, warranting further

investigation.

Regulatory Divergence and Its Implications

Regulatory frameworks exert a profound influence on ESG investing, particularly in Europe, where the
Sustainable Finance Disclosure Regulation (SFDR) has enhanced data comparability and
standardisation. In contrast, the United States lacks a unified federal ESG disclosure framework, relying
instead on voluntary reporting mechanisms such as those provided by the Sustainability Accounting
Standards Board (SASB) (Krueger et al. 2024). However, most published research relates to US
investment funds rather than European mutual funds—where ESG disclosure and adoption are much
higher—and this is the reason why European funds have been selected for analysis in this thesis. The
fragmented regulatory landscape further complicates cross-border comparisons and may partially
account for the heterogeneous empirical findings in the literature. European markets benefit from the
transparency afforded by mandatory ESG disclosures, whereas regions with voluntary disclosure
frameworks, such as the United States, may experience greater information asymmetry. As disclosure
frameworks become more standardised, the potential for a clearer understanding of the relationship

between sustainability and financial performance increases. However, the dynamic nature of ESG

T European Union (EU). (2014). Directive 2014/95/EU on Non-Financial Reporting. Official Journal of the
European Union.



regulation suggests that empirical assessments of ESG investing require ongoing revision to account for

evolving disclosure mandates and investor behaviour.

Methodological Heterogeneity and Conf icting Evidence

The empirical literature on ESG investing is characterised by methodological heterogeneity, with studies
varying in their definitions of sustainability, performance metrics, and sample periods. Many research
papers simply use composite ESG scores without adequately considering the individual components that
comprise them. Performance evaluation approaches also diverge: whereas some studies assess alpha
generation (Nofsinger and Varma 2014), others rely on risk-adjusted measures such as the Sharpe and
Treynor ratios (Hartzmark and Sussman 2019). Further complexity arises from variations in sample
construction and benchmark selection. (Raghunandan and Rajgopal 2022) compare ESG funds to non-
ESG funds managed by the same firm, attempting to control for fund management effects, while other
studies rely on broader market indices, potentially introducing selection bias. Exhibit 1 summarises the
empirical findings, illustrating the variability in conclusions—some studies report a positive correlation
between ESG and financial performance, while others identify a negative or neutral relationship. These
discrepancies underscore the need for methodological rigour and contextual sensitivity when interpreting

ESG-related financial outcomes.

Addressing Gaps in the Literature

Despite significant progress in ESG research, several key gaps persist, thereby limiting the ability to
draw definitive conclusions on its financial impact. One major issue is the reliance on composite ESG
scores, which may obscure the distinct effects of environmental, social, and governance factors and
therefore a disaggregated approach is necessary to isolate the specific financial impact of each ESG
dimension. Additionally, much of the literature assumes a linear relationship between ESG factors and
returns, typically evaluating very few dimensions of financial performance. This approach overlooks the
potential for non-linearities, where ESG characteristics may exert differential effects across the return
distribution. Employing granular econometric models, such as quantile regressions, could provide deeper
insights into how ESG influences returns across different market environments. Another critical
limitation is the geographical bias present in much of the research. The literature remains U.S.-centric,
with empirical studies primarily relying on datasets that do not fully account for Europe’s regulatory
leadership in ESG disclosures and adoption. Given the substantial differences in regulatory frameworks,
market structures, and investor behaviour across regions, findings based solely on U.S. data may lack
generalisability. A more comparative, cross-jurisdictional research approach is needed to accurately

assess the global financial implications of ESG investing. Furthermore, many studies employ time-series



regression analysis, which, while useful for identifying broad trends, lacks the granularity provided by

holdings-based approaches.

Addressing these methodological challenges is crucial for producing more precise and reliable insights

into the role of sustainability in financial markets and encompasses the aims of this chapter in the thesis.

Exhibit 1 Relationship between Sustainability and Investment Fund Returns

Paper

Key findings

Papers documenting no relationship between sustainability and fund returns

(Statman 2000)

(Hartzmark and Sussman
2019)

(Milonas, Rompotis, and
Moutzouris 2022)

(Raghunandan, and
Rajgopal (2022))

Socially responsible mutual funds performed comparably to conventional mutual
funds from May 1990 to September 1998, with no statistical difference in their risk-
adjusted returns.

No statistical differences in performance, as measured by alpha, Sharpe ratio, and
Treynor ratio, were found between ESG funds and non-ESG funds from 2017 to
2021.

Analysis from 2017 to 2021 found no statistical differences in performance between
ESG funds and non-ESG funds, using metrics such as alpha, Sharpe ratio, and
Treynor ratio.

ESG funds were observed to financially underperform relative to other funds
managed by the same asset managers within the same year, and they tend to charge
higher fees.

Papers documenting a positive relationship between sustainability and fund returns

(Nofsinger and Varma
2014)?

(Filbeck, Filbeck, and
Zhao 2019)

(Madhavan, Sobczyk,
and Ang 2021)

ESG funds outperform conventional funds during market crises but underperform
during non-crisis periods, with this asymmetry in return patterns being more
pronounced for ESG funds employing positive screening.

The study suggests that investors are not penalised for adopting an ESG philosophy,
with the market rewarding firms for good governance practices, penalising those
with strong environmental credentials, and displaying ambivalence towards those
with strong social track records.

A statistically significant and positive correlation was found between the fund alpha
and factor ESG scores, although the evidence linking ESG scores with active returns
remains weak.

Papers documenting a negative relationship between sustainability and fund returns

(Barber, Morse, and
Yasuda 2021)

(El Ghoul and Karoui
2017)

Venture capital funds pursuing dual objectives of financial return and social impact
underperformed compared to traditional funds.

Compared to low-CSR funds, high-CSR funds in the US exhibited poorer
performance, stronger performance persistence, a weaker performance-flow
relationship, and comparable persistence in flows.

Notes: The list above provides a non-exhaustive overview of recent ESG research papers. We summarise the key conclusions from these papers.

5.3 Theoretical framework and hypotheses

Superior ESG fund ratings are hypothesised to correlate with enhanced fund returns through several

channels. Strong ESG performance can improve corporate governance, risk management, and strategic

direction, thereby reducing capital costs, operational risks, and exposure to reputational and regulatory

shocks. (Khan, Serafeim, and Yoon 2016) demonstrate that firms addressing material ESG issues achieve

2 In light of the definition of "sustainable funds" adopted in this paper, only certain conclusions from the research
results of these authors are relevant to our scope.
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higher future profitability, while (Friede, Busch, and Bassen 2015) provide aggregated evidence of a
positive ESG—performance relationship. Addressing gaps in the existing literature, this study examines
both composite ESG scores and individual dimensions—including carbon scores—to test the
relationships between sustainability and return components, which consist of excess return, dynamic
return, and security selection alpha. The analysis also investigates linear and non-linear effects using a
holdings-based approach for greater granularity. To ensure robustness, key control variables such as fund
size and net flows are incorporated within a fixed effects regression model to account for unobserved

heterogeneity.

The analysis begins by examining the relationship between excess return and sustainability. Once static
return components are removed, the remaining return comprises dynamic elements: factor timing and
security selection alpha. Factor timing, which reflects adjustments to passive exposures, represents a
channel through which ESG integration may enhance performance. The increasing prominence of
environmental and social concerns often drives regulatory changes and shifts in market sentiment. Fund
managers leveraging ESG analytics may adjust factor exposures accordingly. (Capelle-Blancard and
Petit 2019) find that ESG-related news—particularly negative news—provokes significant market

reactions, lending support to the premise that timely portfolio adjustments can yield excess returns.

Security selection captures the alpha generated through stock-picking. ESG integration may enable fund
managers to identify firms with sustainable competitive advantages and robust operational performance.
(Eccles, Toannou, and Serafeim 2014) argue that a corporate culture committed to sustainability fosters
long-term value creation through strategic planning, stakeholder engagement, and enhanced
transparency in non-financial disclosures. This supports the proposition that ESG-driven security
selection can improve fund performance. Although strict ESG screening may constrain the investment

universe, when applied judiciously, it is expected to enhance security selection returns.

The transmission mechanism thus suggests that funds with superior ESG ratings should, on average,
generate higher excess returns relative to their benchmarks. Accordingly, the following hypotheses are

proposed for empirical analysis:

1. Overall Excess Return Hypothesis: Funds with higher ESG ratings generate superior excess
returns due to improved risk management and strategic positioning.

2. Dynamic Return Hypothesis: Funds with higher ESG ratings achieve superior dynamic
returns—encompassing both factor timing and security selection alpha—>by adjusting exposures

in response to ESG-related market shifts.

“11



3. Security Selection Return Hypothesis: Funds with higher ESG ratings generate greater
security selection returns by identifying firms with sustainable competitive advantages and

strong financial fundamentals.

“12



5.4 Data used in the analysis

The primary objective of this analysis is to assess the return drivers and alpha potential of sustainable
funds. We make use of the underlying company ESG scores to calculate the final score, which reflects

the weighted-average ESG score of the investment fund at a specific point in time.

5.4.1 Investment fund data

Our primary data sources are Morningstar Direct and FactSet. Our dataset initially covers 297° mutual
funds with approximately US$689 million in assets, representing the entirety of the European equity-
focused fund universe. This study includes all equity funds, regardless of fund size, domicile, investment
style, or the level of activity in the investment strategy. We utilise quarterly holdings from March 2014
to September 2021 at the master fund class level, rather than sub-fund class levels, to prevent double
counting. Additionally, the analysis universe has been adjusted for survivorship bias. Although the time
span is relatively short, the dataset is extensive and details the portfolio constituents of these mutual

funds during this period.

5.4.2 Stock-level and fund-level sustainability ratings

MSCI's sustainability data covers 8,500 companies and over 680,000 equity and fixed-income securities
globally, rated across environmental, social, and governance pillars.* These pillars encompass 10
sustainability themes and 35 key ESG issues, evaluating a company’s resilience to long-term, financially
relevant ESG risks and opportunities. Within the environmental pillar, the focus is on themes such as
climate change, carbon emissions, natural capital, pollution and waste, and environmental opportunities.
The social pillar covers themes like human capital, product liability, stakeholder opposition, and social

opportunities. The governance pillar focuses on corporate governance and behaviour.

A company’s final ESG rating® is derived from the weighted average of individual scores for
environmental and social key issues, combined with the governance pillar score, and then normalised
relative to industry peers. This final rating, termed the Industry-Adjusted Score (IAS), ranges from 0
to 10, with O representing the lowest sustainability rating and 10 the highest. These assessments are
intended for comparative analysis against industry peers rather than as absolute measures. MSCI applies

a similar methodology to compute its carbon scores and the individual ESG dimensions.

The methodology for computing fund-level ESG scores in this study follows a holdings-based approach.
Fund holdings are obtained from Morningstar Direct on a quarterly basis from 2014. Each fund’s

holdings are then mapped to MSCI’s stock-level ESG scores, and an overall fund ESG score is computed

3 The constituent coverage for the funds under investigation is around 95%.
4Source: MSCI ESG Ratings, MSCI
5 For further details, see Appendix 4-A.
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using a weighted-average aggregation based on portfolio weights. Since MSCI’s aggregated fund-level
scores are only freely available for the most recent date, they cannot be used for historical analysis. To
construct historical fund-level ESG scores, we apply MSCI’s aggregate fund scoring methodology to the
computed stock-level data at each time point. A fund is assigned a score only if at least 65% of its
constituents have available ESG data. Funds without a score are typically new to the market or have
relatively low assets under management (AUM). Overall, our analysis covers 90.3% of the fund universe

by AUM.

Potential drawbacks of this approach include mapping inconsistencies between fund holdings and stock-
level ESG data, coverage bias due to incomplete data, and potential timing mismatches between
quarterly holdings data and MSCI ESG scores. Additionally, the minimum coverage threshold could
introduce selection bias by excluding funds with lower ESG data availability. While these limitations

are acknowledged, they are not expected to substantially affect the overall results.

5.4.3 Definition of sustainable investment funds

As discussed by (Raghunandan and Rajgopal (2022)), defining the ultimate goal of ESG funds poses
significant challenges, particularly in establishing a causal relation between ESG factors and explicit
financial outcomes due to disclosure and data limitations. The primary definition of sustainability we
employ is based on the sustainability score of the fund, independent of the fund's stated objective. It
calculates the sustainability score quantitatively by determining the weighted-average score of all
constituents on a quarterly basis. This approach implicitly assumes that funds incorporating
sustainability considerations into their investment strategies are fully reflected in these scores.
Additionally, in our regressions to establish the relationship between return components and returns, we
also consider the Morningstar Sustainability Label, which categorises a fund as "sustainable" if it is
described in its official documentation as focusing on sustainability, impact, or ESG factors, though the

effectiveness of the fund's strategy is not rated by Morningstar.

5.5 Descriptive Statistics

5.5.1 Description of data and summary statistics

Exhibit 2 presents various descriptive statistics for the most recent Morningstar fund universe utilised
in the analysis. These statistics encompass all funds invested in European equities, irrespective of
domicile, style, AUM, and the degree of active stock picking involved in the strategy implementation.
The values reported represent average point-in-time estimates, except for financial metrics, which are

presented as median figures.

The exhibit reveals that the largest number of funds falls within the large-cap categories, with the most

substantial assets under management (AUM) and the highest number of funds located in the general
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large-cap and large-cap blend categories. Additionally, these categories typically feature the lowest
expense ratios. There appears to be little variation in sustainability characteristics across different
categories, with the exception of small caps, where ESG scores are marginally lower. According to Gupta,
Lodh, Harris (2021)%, smaller companies have historically lagged their large-cap counterparts in terms

of ESG metrics, likely due to the sparser availability of ESG information among small caps.

Regarding the point-in-time returns, the annualised excess returns of the various fund categories vary
significantly, ranging from -11.1% in the European equity income category to 38.3% in the European
small-cap category, while fund volatility remains relatively stable, ranging from approximately 19-23%.
Tracking errors vary between 3.1% and 7.4%. Moreover, Exhibit 3 indicates that the majority of samples
in the analysis predominantly belong to the large-cap fund group, specifically the large-cap blend
category. It is also evident that small-cap funds often rank in the lower ESG deciles, whereas larger-cap

funds, particularly those in the large-cap blend category, are more prevalent in the highest ESG deciles.

When evaluating the benchmark-excess returns of investment funds organised into sustainability deciles
from 2014 to 2021, Exhibit 4 demonstrates that the lowest sustainability decile generally exhibits the
highest average return, while the highest sustainability decile shows the lowest return. The relationship
is not monotonic and appears to be "kinked" towards the most sustainable deciles. This pattern holds
across all sustainability measures, except for governance, where the highest governance decile generates

an excess return roughly equivalent to that of the lowest governance decile.

6 https://www.msci.com/research-and-insights/global-investing-trends/esg-credentials-how-have-small-caps-

stacked-up
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Exhibit 2 Descriptive Statistics of the Morningstar European Equity Universe in Scope

Category

Europe Large-Cap
Blend Equity
Europe Large-Cap
Growth Equity
Europe Large-Cap
Value Equity
Europe Flex-Cap
Equity

Europe Equity
Income

Europe Mid-Cap
Equity

Europe Small-Cap
Equity

Source: Morningstar, author’s estimates. Descriptive statistics cover the period of September 2021.

General Fund Characteristics

No. in

each

category

130

40

28

40

27

19

7

Financial metrics

Average Average
Expense AUM
Ratio (USD
million)
1.174 768.323
1.614 1326.004
1.699 442.518
1.582 382.521
1.597 428.369
1.363 712.737
1.551 249.161

Average Median Median
ESG Score Monthly Fund Vol
Excess (Annual.)
Return
(Annual.)
7.146 -3.781 20.320
7.265 -3.093 18.520
7.006 8.168 25.730
6.207 14.598 21.100
7.113 -11.097 21.472
6.213 18.194 20.601
5.494 38.264 23.432

Median
Tracking
Error
(Annual.)
3.100
5.645
4.350
7.395
3.980

4.850

4.590

Notes: Figures for the number of funds, expense ratio and average AUM are taken as point-in-time figures as of September 2021. Sustainability

metrics represent the mean for the category and are calculated as weighted averages of the constituents as of September 2021. Financial metrics

represent the median for the category and are calculated as of September 2021. Past performance does not guarantee future results.

Exhibit 3 Distribution of Funds Across ESG Deciles Within Various Fund Categories

Categories

Europe Large-Cap Blend

Equity

Europe Large-Cap

Growth Equity

Europe Large-Cap Value

Equity

Europe Flex-Cap Equity

Europe Equity Income

Europe Mid-Cap Equity

Europe Small-Cap

Equity

Portfolios arranged by ESG deciles (higher deciles represent stronger ESG

D1

1.26%

0.15%

0.07%

4.18%
0.20%
2.57%

1.65%

D2

1.96%

0.49%

0.91%

3.70%
0.61%
1.86%

0.62%

D3

3.31%

1.25%

1.37%

2.08%
1.00%
0.88%

0.08%

D4

4.73%

1.35%

1.40%

1.07%
1.12%
0.32%

0.02%

credentials)
D5 D6
5.28%  6.31%
1.37%  1.40%
1.15%  0.92%
0.76%  0.47%
1.02%  0.63%
0.21% 0.11%
0.00%  0.00%

D7

6.13%

1.32%

0.76%

0.55%
0.91%
0.15%

0.00%

Source: Morningstar, author’s estimates. Statistics cover the period of March 2014 to September 2021.
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D8

4.99%

2.32%

1.22%

0.38%
0.93%
0.22%

0.00%

D9

5.26%

1.88%

1.15%

0.48%
1.25%
0.11%

0.00%

D10 D10-
D1

5.81% 4.55%
2.29% 2.14%
042%  0.35%
0.19% -3.99%
147%  1.27%
0.01% -2.56%
0.00% -1.65%



Exhibit 4 Benchmark-Excess Return Across Various Sustainability Deciles, with D1
Representing the Lowest Scoring Decile and D10 the Highest

Monthly excess return (%)

Source:

2.00%
1.50%
1.00%
0.50%
0.00%
-0.50%
-1.00%

-1.50%
v} o g wi o
= I\ X = o1

9d
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= o ©

ora

e [[SG e Environmental Social Governance e Carbon

Authors’ estimates. Monthly returns from March 2014 to September 2021.
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5.6 Analysis Methodology

To elucidate and quantify any associations between sustainability factors and portfolio returns, the

following methodology, summarised in the diagram below, has been adopted (Exhibit 5).

Exhibit 5 The Analysis Methodology Adopted in This Study
Relationship between sus-
tainability factors and return

Return-based attribution l Holdings-based

: Dynamic mar- . )
=t Security selection alpha
Static factor return 4{ ¥ (Ul G ity p

Regression between al-
pha and sustainability

Regression between timing

return and sustainability

Regression between static
return and sustainability

Quantile regression between
alpha and sustainability

Source: Authors’ depiction

The investigation begins by classifying investment funds into deciles based on their sustainability factors,
followed by conducting both a returns-based attribution analysis and a holdings-based analysis. Initially,
a time-series analysis entails regressions of the returns of these investment funds—equally weighted and
categorised according to their corresponding sustainability factors—against traditional factor models
such as those developed by Fama-French and AQR. Moreover, a holdings-based approach, which
leverages information on stock-level characteristics for a more robust analysis, forms the central premise
of the analysis. Here, the returns are disaggregated into static factor return (risk premia), factor timing
return, and alpha (security selection). To ascertain whether these return components are influenced by
sustainability factors, fixed-effects regressions are employed, incorporating fund-related independent
variables. Furthermore, to validate the robustness of the results concerning alpha across different

segments of the return distribution, quantile regressions are undertaken.
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5.7 Time-Series-based attribution analysis

This method involves estimating factor loadings through rolling regressions of portfolio returns on factor
returns, noted for its straightforward implementation. However, its granularity is limited, and it does
not provide insights at the security level, potentially obscuring the true drivers of performance. Moreover,
assuming a constant beta throughout the estimation window renders this approach less suitable for

managers who engage in factor timing, as highlighted by (Ang, Madhavan, and Sobczyk 2017).

To estimate the cross-sectional exposure (4;) of portfolio returns (PR)), are typically conducted between
the returns and long-short factors, with beta assumed constant throughout the estimation period.
Following (Treynor and Mazuy 1966), an additional term—the square of the market premium-——is
incorporated into each regression model to capture the non-linear effects of market timing and to
examine whether portfolio returns sorted by sustainability characteristics also relate to the market
timing abilities of portfolio managers. The analysis utilises three model specifications in the time-series
regression analysis’: the Fama-French 3-factor model with Carhart momentum, the Fama-French 6-

factor model, and the AQR factor model.

Model 1: Fama French 3 factor model with Carhart momentum

Model 2: Fama French 6 factor model

PR;(t) = a; + B MKT(t) + Bj,SMB(t) + BjsHML(t) + BjsRMW (t) + B;sMOM(t) + B;sCMA(L)
+ Bj7MKT?(t) + €;(t)

Model 3: AQR factor model

PR;(t) = aj + By MKT(t) + BjHML(t) + B;3SMB(t) + Bj UMD(t) + BjsQM] (t) + BjsMKT?(t) + €;(t);

where MKT represents the market premium, SMB the size premium, HML the value premium, MOM the
Carhart momentum premium, RMW the profitability premium, CMA the investment premium, UMD the
up-minus-down momentum premium, QM] the quality-minus-junk premium and MKT? the square of

the market premium (market timing).

5.8 Holdings-based attribution analysis
This analysis, as proposed by (Madhavan, Sobczyk, and Ang 2018), provides a nuanced examination at
the security level, crucial for understanding the influence of asset selection on portfolio performance.

The approach utilises (Lo 2008)’s active-passive (AP) decomposition for analysing portfolio returns.

7 For details, see the footnotes of Exhibit 6.
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Under certain simplifying assumptions®, the expected benchmark-relative portfolio return (Rj¢) of a fund
j at time t is redefined into three distinct components: a passive exposure to systematic market-wide
factors, a factor timing return influenced by the covariance between portfolio betas and these factors,

and a security selection component. Thus, the portfolio return can be articulated as follows:

Rj,t = SFR]‘t + FTRM—_ + a]"t

where: SFR;, represents the static factor return (also known as the risk premia), the FTR;, represents

the factor timing return and a;, represents the expected security selection return.

Typically, static factor return reflects the expected return from passive exposure to factor risks, whereas
factor timing return, achieved through strategic adjustment of factor exposures, and alpha, derived from

security selection, are sources of excess return.

The comprehensive approach adopted not only facilitates an understanding of the contributions of
various return components to overall portfolio performance but also examines the potential influence of
sustainability factors on these components, thus offering a robust framework for assessing the efficacy

of sustainability-focused investment strategies.

5.8.1 Static factor return (risk premia)

The computation of static factor return (risk premia) aims to elucidate the component of portfolio return
attributable to systematic risk factors. Employing quarterly holdings data, the time-varying factor
loadings across diverse fund portfolios is estimated, aligning the stock-level characteristics of factor-
mimicking portfolios with those of the individual investment funds. The characteristics of the stocks
used in this analysis are derived from normalised style scores, based on the factors specified in the

Axioma Equity Factor Risk Model®. For each designated fund j, a factor-mimicking portfolio is defined.

8 For details, refer to the original paper by Lo (2008).

? The Axioma Fundamental Equity Risk Model is one of the most well-adopted model used in the financial industry to
evaluate and manage risks in equity portfolios. It integrates fundamental financial data - such as earnings and book
values - to identify and quantify systematic and idiosyncratic risk factors. Systematic risks include market exposure,
sector/industry exposure, and style factors like value, growth, size, and momentum. Idiosyncratic risks are specific to
individual stocks.

The model employs advanced statistical techniques, namely principal component analysis and regression analysis,
to estimate factor exposures and construct a covariance matrix that captures the relationships between different risk
factors and assets. This allows for comprehensive risk decomposition, attributing total portfolio risk to various
sources.

In practice, investment managers use the Axioma model for portfolio construction and optimisation, aligning portfolios
with risk-return objectives while managing downside risks. It also assists in risk attribution and performance analysis,
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This portfolio comprises a range of investible factor indices, each optimised to best represent the specific
characteristics of the fund under analysis. Initially, the aggregated factor loadings for fund j and each
index m in the factor-mimicking portfolio are calculated at the stock level i and can be defined as B}, =

YN, wi - FLy and Index y = Xi-; Wi - FLi, where FLy, represents the respective factor loadings.

This portfolio is fully invested and adheres to a long-only strategy, ensuring the number of investible
factor indices (M) in the portfolio cannot surpass the number of risk factors being replicated.

Mathematically, the formulation is expressed as follows:

2

K M M
wZ (;};(_Z W;n-[ndexmk> st W =0 Vm, Z W =1, M <K

Wim
k=1 m=1 m=1

where j represents a particular fund, k = 1 ... K denotes the individual risk factors, m = 1...M refers to

individual investible factor indices.

Employing the method set out above, the combination of active weights (or exposures) in the factor-
mimicking portfolio is ascertained and subsequently utilised to estimate the static factor return (S’FF])
(or risk premia) of the fund, devoid of any alpha component by design. The estimation procedure follows
a root mean-square minimisation, applied to each of the investment funds under scrutiny. The static

factor return is calculated as:

K
SFR = )" B - E(F)
k=1
where (,BA]-R) denotes the estimated loading of the fund on each factor k in the Axioma model and the
expected returns of these factors E(Fy). This approach enhances the understanding of how static risk

factors contribute to the overall return landscape of investment funds.

5.8.2 Dynamic return and factor timing return

Dynamic return comprises both factor timing return and security selection alpha, reflecting a portfolio

manager’s ability to generate returns through dynamic adjustments.

The factor timing return specifically measures the manager’s proficiency in modifying market exposure
at strategically favourable moments to capitalise on anticipated market fluctuations. This sub-

component depends on the covariance between the fund’s portfolio betas and the returns of various

providing insights into the effectiveness of investment strategies. Overall, the Axioma model is essential for
understanding, managing, and mitigating equity portfolio risks.
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factors, denoted by K for the factors previously mentioned. In mathematical terms, the estimated factor

timing return is expressed as:
K
FTR, = Z Cov [Bx, Fi]
k=1

where (FTR,) denotes the estimated factor timing return of fund j.

5.8.3 Security selection (or alpha) and sustainability information as a “signal”

Security selection, or alpha, is computed by aggregating the stock-specific alphas across the fund, each
weighted by its average active weight. This metric is viewed as an integral, active component that reflects

the efficacy of the fund managers' predictive insights at the security level:

N
o = Z a;E[w;]

where (c’x\]) denotes the estimated fund alpha and E[w;] denotes the expected active weight of stock i

in the portfolio

Following the methodology articulated by (Clarke, de Silva, and Thorley 2005), the residuals (&) of a
fund j can be regressed against the forecasted signal (S;) and its payoff (y,;). Note that & is the

regression disturbance term.
& =75 +§

S;c{S o §
where: { ) { Sustainability » EQ}
Sustainability L SEQ

In this formulation, the signal forecast integrates both sustainability data and other financially pertinent
information regarding expected returns, with an assumption that sustainability information is
orthogonal to other expected return information (Sgg). Similar to the approach taken by (Pedersen,
Fitzgibbons, and Pomorski 2021), ESG scores are employed to refine overall perspectives on expected

returns.
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5.9 Analysing the sources of return while controlling for
unobserved heterogeneity

The objective of this segment is to ascertain whether sustainability signals have influenced various

aspects of return, including excess return, dynamic return, and security selection alpha.

5.9.1 FExcess return and sustainability information

The initial series of regressions investigate the relationship between excess return (ER) and sustainability
information, utilising a fixed effects regression model that includes fund-specific variables such as expense
ratio, fund flows, size, age, volatility, and static factor return, supplemented by additional control
variables like Morningstar categories and ratings. Our analysis assesses both the linear and non-linear
effects of sustainability scores as independent variables. This is achieved through two sets of regressions:
one focusing purely on sustainability scores, and another that incorporates sustainability scores alongside
an indicator variable representing whether scores are above or below the median, thereby capturing non-

linear effects.

ER;j; = BSj: + v1EX; + V2FL; + ¥3SZ;; + V4AGE;, + ysVOL;, + ¥6SFR; .+ (6.1(S;; > S,.) + 6,MCAT;,
+ 62MAR} + 63MSR} + 54IndeX}' + At + 6j,t

where independent variables include S; (ESG scores, Environmental scores, Social scores, Governance
scores, or Carbon scores), control variables where EX is the total expense ratio, FL is the fund flows, SZ
is fund size, AGE is the fund age, VOL is the fund volatility, SFR is the static factor return, 8 is the
coeflicient for the binary indicator (I S; > S;)) which captures the additional non-linear effect on excess
returns when a fund's sustainability score is above the median (S;) compared to being below it. Fixed
effects variables include MCAT is the fund Morningstar category, MAR is Morningstar analyst rating,
MSR is Morningstar sustainability rating and Index is whether a fund is an active or index fund. A;
represents the time fixed effects. Endogeneity is not a concern in this analysis. A robustness check was
conducted by incorporating lagged returns as an explanatory variable using the instrumental variable
approach to assess whether past returns influence current returns. The results indicate that lagged
returns are not statistically significant in the fixed effects model, confirming that omitted past returns
do not bias the estimation. This outcome aligns with the well-documented characteristic of financial
return series, which generally exhibit no memory, unlike risk-related variables such as volatility, which

tend to display persistence.
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5.9.2 Other return components and sustainability information

The subsequent set of regressions delves into the interplay between additional return components,
specifically dynamic return and security selection alpha, and sustainability information. This analysis
adopts the methodology previously detailed in section 5.3.1, with a notable adjustment: the static factor
return variable is excluded from the regression model as an independent variable. This refinement
ensures that the focus remains sharply on the dynamic components of return, isolating their relationships
with sustainability inputs more precisely. Consistent with the previous approach, two sets of regressions
are employed: one exclusively examining the level of sustainability, and another that combines
sustainability scores with an indicator variable denoting whether scores are above or below the median,

thus facilitating the examination of non-linear effects.

Rjr = BSjt + V1EX; + ¥2FLj, + ¥sSZ;, + V4AGE;, + ysVOL; -+ (6,1(S;. > S,;)) + 6;MCAT;, + 6,MAR,;
+ §3MSR; + §,Index; + 4, + €,

5.9.3 Security selection alpha and sustainability information in quantile regressions

Subsequently, quantile regressions are utilised to examine the relationship between alpha and
sustainability information using the fixed effects quantile regression methodology developed by
(Machado and Santos Silva 2019)'. This approach is particularly suitable for capturing the impacts of
independent variables across different segments of the return distribution, offering robustness against
outliers and non-normal error distributions. As in previous analyses, two sets of regressions are
conducted: one focusing exclusively on the level of sustainability, and another that integrates the
sustainability scores with an indicator variable to denote whether scores are above or below the median.

This dual approach allows for a nuanced exploration of both linear and non-linear effects.

5 4
Qr(Rj.t) = .BTSj,t + Z y}(,’ka,jt + (erl(sj,t > §7$)) + Z Sl,rzl,j + )'t,‘r + Ejt,‘r
k=1 =1
Here Q. (R]-,t) denotes the quantile conditional regression at quantile 7, independent variables include
S; (ESG scores, Environmental scores, Social scores, Governance scores, or Carbon scores), S~] is the

median of the sustainability score in question, Xj ;. includes EXPy, FL;;, SZ;., AGEj, VOLj, 0; is the

10 The paper by Machado and Silva (2019) develops an approach to quantile regression by employing quantile fixed
effects, which allows for the estimation of quantiles within a panel data framework. It introduces a method that uses
moment conditions to estimate the fixed effects, enhancing the model's flexibility and efficiency. This approach is
particularly useful in settings where the impact of covariates varies across different points of the conditional
distribution of the outcome.
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coefficient for the binary indicator (I Sje > §7t) which captures the additional non-linear effect of

returns at the quantile level and Z; ; includes MCAT;, MAR;, MSR;, Index;.
5.10 Empirical results

5.10.1 Drivers of systematic (static) return for funds with strong sustainability

performance

A more direct linkage between sustainability and factor investing is documented by (Madhavan, Sobczyk,
and Ang 2021). They find that style factors explain approximately 75% of the variation in environmental
(E) scores, whereas factors have markedly lower explanatory power for social (S) and governance (G)
scores. Moreover, funds with particularly high E scores exhibit near-monotonic increases in both
momentum and quality exposures, underscoring the importance of environmental considerations in

driving factor tilts.

As delineated in the Analysis Methodology section, the initial phase of the study involves conducting a
time series analysis of portfolios categorised into deciles based on increasing sustainability metrics,
encompassing composite and component ESG scores, and carbon scores. Subsequently, these portfolios
undergo separate analysis via cross-sectional regressions employing traditional factor models, specifically
the Fama-French 3-factor model with Carhart momentum, the Fama-French 6-factor model, and the
AQR model. To assess potential market timing effects, a term proxied by the square of market beta is
incorporated into each regression. The objective is to analyse whether there is an association between

higher or lower sustainability investment funds and specific equity factor loadings.

Exhibit 6 presents the outcomes for portfolios classified according to ESG scores, with additional results
detailed in Appendix 4-B. Notably, the factor loading of market beta is significant across all deciles,
which is unsurprising for long-only portfolios, while market timing—proxied by the square of market
beta—remains largely extraneous. However, the emergence of market beta as the sole significant factor
across all deciles indicates that there is no conclusive evidence that portfolios with higher sustainability

ratings correspond with materially lower beta or elevated momentum and/or quality factor loadings.

Lower deciles (D1, lowest ESG scores) exhibit high sensitivity to market returns, while higher deciles
(D10, highest ESG scores) maintain significant but slightly lower sensitivity—though the difference is
modest and thus, inconclusive. The value factor (HML) reveals a nuanced relationship, with value stocks
more prevalent in lower ESG score deciles and growth stocks in higher deciles, even if the trend is not
unequivocal. The absence of a discernible trend persists across portfolios organised by individual ESG
dimensions, as well as those categorised by carbon scores. In the latter case, while some portfolios with

higher carbon scores frequently display a tendency towards growth (or negative value) loadings, these
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results lack consistency, and the relationship between carbon scores and returns is not monotonic.
Similarly, a preference for growth stocks is also apparent in the highest governance deciles, whereas tilts

towards size (SMB) gain significance in the lower social deciles.

One possible explanation for the lack of a clear relationship between sustainability and factor loadings
derived from time-series regressions may lie in the granularity of the analysis. The reliance on returns
data over the entire period, rather than on holdings data, may restrict the depth and specificity of the
insights obtained. Additionally, factor loadings generally evolve gradually over time, leading to
coefficients that are smoothed and predominantly influenced by the market factor. These elements
collectively result in diluted interpretability and minimal variation in factor loadings across deciles,
thereby diminishing their economic and financial relevance. For these reasons, we now transition to a
holdings-based analysis, which forms the cornerstone of our investigation. This method is designed to

address some of the limitations identified in earlier returns-based assessments.

This approach utilises quarterly holdings information from each of the investment funds under analysis.
The aim is to replicate the performance of each fund through three components: static factor return,
based on systematic time-varying exposure to factors that can be obtained using investible indices;
dynamic timing return, which pertains to the timing of these factors; and a security selection alpha
return. For this analysis, seven systematic factors are employed!!, including low volatility, quality, value,
momentum, size (small caps), risk-weighted, and large cap multifactor!?2. The subsequent step involves
calculating, on a quarterly basis, the time-varying exposure to these factors by determining the
combination of weights into these factors such that their stock characteristics closely align with those of

the investment fund under review, facilitated by the Axioma Equity Risk Model.

An examination of Exhibit 7, alongside the supplementary data presented in Appendix 4-C, reveals the
absence of a consistent linear progression in the allocation to specific factors within funds that achieve
higher scores. This pattern persists regardless of whether the portfolios are sorted by individual ESG
dimensions, overall ESG metrics, or carbon scores, mirroring the findings of prior analyses. Across all
evaluations, the allocation to low volatility remains notably modest. Notably, portfolios categorised
under the overall ESG criteria exhibit a pronounced reduction in allocation to the value factor and an
increase in allocation to the risk-weighted factor, particularly at the highest extreme of the portfolio

groupings. Despite the quality factor commanding the highest allocation across all deciles, its

11 Other factors and combinations have been analysed; however, they do not significantly enhance the explanatory
power of the performance of the funds in scope.

2 These systematic factors are represented by MSCI Europe Minimum Volatility Index, MSCI Europe Enhanced Value
Index, MSCI Europe Momentum Index, MSCI Europe Small Caps, MSCI Europe Risk Weighted Index and MSCI Europe
Multi-factor index.
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distribution exhibits significant fluctuations between the highest and lowest scores, lacking any

discernible pattern.

Conversely, portfolios sorted by environmental and social scores demonstrate a marked increase in the
allocation to the momentum factor, which overwhelmingly dominates in portfolios with the highest
scores. Intriguingly, the momentum factor’s allocation follows a non-linear trajectory across deciles,
initially increasing, then decreasing, and wultimately rising again towards the highest-scoring

environmental ventiles, partly at the expense of allocation to value (or in favour of growth).

In portfolios organised by governance scores, a reduction in momentum allocation is observed in the
highest governance portfolios, though this reduction is more modest than that in portfolios sorted by
environmental and social scores, particularly at the uppermost end of the spectrum as scores increase.
Regarding carbon scores, there is a strategic reallocation towards small caps and a shift away from value

at the highest terminal sections of the grouping.

These patterns observed in the analysis of European funds share certain similarities with the findings
by (Madhavan, Sobczyk, and Ang 2021) regarding US funds, though notable differences persist.
According to their research, portfolios with robust environmental scores exhibit high factor loadings in
quality and momentum, while the highest-rated governance funds demonstrate low momentum loadings.
Furthermore, funds with high social and governance scores frequently invest in growth companies, as

indicated by their negative loadings in value.
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Exhibit 6 Factor loadings from cross-sectional regressions for portfolios sorted by ESG scores using three attribution methods

Decile RMW
1 FF3M 0.001 1.020%%*% | 0.717 -0.162 0.347. 0.006 69%
(Lowest FF6F 0.000 1.011%%% | (0.334 -0.084 0.554 0.039 0.550 0.183 0%
Score) AQ6F 0.000 1.002%** | 0.855 0.175 0.573 0.146 -0.175 0.196 689%
2 FF3M -0.007 1.248%*%* | 1675 -0.095 -0.456% 0.047 66%
FF6F -0.007 1.255%%% | 1.496 -0.131 -0.562 0.026 -0.259 -0.048 66%
AQGF -0.007 1.251%%% | 1.713 -0.109 -0.435 0.110 -0.129 -0.072 669%
3 FF3M -0.007 1.089%** 0,791 -0.275 0.224 0.015 67%
FF6F -0.005 1.161%*%* | 0.530 -0.178 -0.368 -0.095 -0.572 0.636 68%
AQ6F 0.003 0.924%** | 0004 -0.482 0.484 0.453 0.299 -0.621 659
4 FF3M 0.004 1.012%*%* | _1.791 -0.396 -0.171 -0.083 55%
FF6F 0.002 0.967*** | 1374 -0.430 0.338 -0.002 0.734 -0.241 57%
AQ6F 0.004 1.008%** | 1777 0.043 0.355 0.099 -0.265 0.434 56%
5 FF3M -0.011% 1.087%** | 1.166 -0.130 -0.097 -0.048 68%
FF6F -0.012% 1.034%%* | 1,158 -0.283 0.303 0.019 0.174 -0.666 69%
AQGF -0.011* 1.088%** | 1,152 -0.137 0.057 0.081 -0.078 0.031 68%
6 FF3M -0.004 0.995%** | _1 536 0.069. -0.438% -0.392. 645
FF6F -0.005 1.005%*%* | _1.29]1 0.161 -0.426 -0.387. 0.297 0.303 645
AQ6F -0.004 0.990%** | 1498 0.140 -0.446 ~0.516 0.047 0.158 639%
7 FF3M 0.002 0.989%** | 1345 -0.626** | 0.094. 0.015 63%
FF6F 0.003 0.997%** | 1.426 -0.642% 0.032 -0.012 -0.119 0.074 63%
AQ6F 0.004 0.872%** | 13815 -0.635% -0.392 -0.449 0.270 -0.227 62%
8 FF3M -0.004 1.035%%* | _0.043 -0.723%* | 0.279 0.311. 649
FF6F -0.001 1.116%** | _1.151 -0.586%* -0.354 0.182 -0.527 0.877. 67%
AQGF -0.002 0.892%%* | _1.378 -0.911%* | _0.135 0.095 0.215 -0.589 63%
9 FF3M -0.003 1.105%** 0,945 0.021 -0.289 0.200 59%
FF6F -0.001 1.117%%% | 0.267 -0.120 -0.624 0.140 -0.960%* -0.353 62%
AQ6F ~0.001 1.011%**  0.801 0.247 -0.998%* 0.146 0.244 -0.645 639%
10 FF3M ~0.008 1.028%** | 1363 -0.003 0.236 -0.038 59%
(Highest | FF6F ~0.006 1.107**%* | 1637 0.122 -0.876. -0.149 -0.553 0.782 60%
Score) AQ6F -0.005 0.968%** | 1546 0.065 -0.323 0.011 -0.155 -0.305 60%

Source: Authors’ estimates. The FF3M model includes the market risk premium (Mkt-Rf), which measures the excess return of the market over the risk-free rate, size (SMB) reflecting the outperformance of small-cap stocks over
large-cap ones, and value (HML), capturing the higher returns of value stocks over growth stocks, with an additional momentum (MOM) factor accounting for the persistence of stock performance trends. The FF6F model builds
on FF3M by adding profitability (RMW), which measures the return difference between highly profitable and less profitable firms, and investment (CMA), which captures returns based on firms' investment behaviours. The AQ6F
model by AQR includes the market risk premium, size, value, and momentum factors from traditional models, but also incorporates quality (focusing on profitable and stable companies) and defensive (low-risk, high-return stocks)
factors for a broader investment strategy. *** represents statistical significance at 0.1%, ** represents statistical significance at 1%, * represents statistical significance at 5% and . represents statistical significance at 10% levels.
MKT represents the market beta exposure, MKT? represents the square of the market beta exposure which seeks to proxy the non-linear market timing ability, SMB represents the size factor, HML represents the value factor,
MOM represents the Carhart momentum factor, RMW represents the operating profitability factor, CMA represents the investment conservatism, UMD represents the AQR momentum factor, BAB represents the betting against
beta factor and QMJ represents the quality factor.
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Exhibit 7 Allocations to Investible Factors Across Investment Funds Grouped by Their
ESG Scores
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Source: Authors’ estimates.

5.10.2 Relationship between components of return and sustainability information

In this final section, we aim to quantify the relationship between different components of return—
specifically, excess return, dynamic timing return, and security selection alpha—and sustainability
information, as detailed in Section 5.3.1. Unlike previous sections, where funds were aggregated into
deciles and ventiles to analyse their behaviour based on sustainability groupings, the following analyses
are conducted using data and estimations on individual funds. This involves regressing these return
components against key fund-specific variables, including expense ratio, fund age, flows, size, and
volatility, utilising both ordinary least squares (OLS) and fixed effects panel regressions, with a particular
focus on the latter. Fixed effects regressions address unobserved heterogeneity by assigning a unique
intercept to each entity (or grouping within the data) in the fixed effects model. This approach effectively
eliminates biases from time-invariant unobserved variables. The primary advantage of this method over
OLS regressions is that it reduces omitted variable bias, controls for time-invariant characteristics, and
provides insights into the effects of intragroup changes on the dependent variable, while also being robust
to autocorrelation within entities over time. The fixed effects included in the model comprise
Morningstar categories, Morningstar analyst ratings, the Morningstar Fund Sustainability Label, and
whether the fund is an index fund. To ensure the validity of the estimates, errors are clustered by

investment fund and date.

3 The Morningstar Fund Sustainable Label relates to whether, in the view of Morningstar, a fund includes any
sustainability objective in its fund prospectus and is not related to the ESG performance of any given fund.
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5.10.3 Relationship between excess return and sustainability

As delineated in Section 5.3.1, the objective of this section is to quantify the general relationship between
excess return—defined as the return of investment funds relative to their prospectus benchmarks—and
sustainability information, while incorporating a range of independent and additional control variables

in the fixed effects specifications.

We commence by reviewing the regression findings detailed in Exhibit 8, which investigate the
relationship between excess return and ESG scores. Across all specifications, the static return is both
positive and highly significant, emphasising its pivotal role in explaining excess return. This strong result
stems from broad market factor exposures that consistently drive fund performance ((Fama and French
1993), (Carhart 1997)). In essence, static return captures systematic (passive) factors that dominate the
variability in returns, overshadowing smaller, active contributions such as ESG-related tilts. This result
aligns with expectations, as factors are presumed to largely dictate the performance of the investment
funds under review. A critical insight is the reduction in the t-statistics associated with the static return
coefficients from the OLS (132.4) to the fixed effects specifications (22.5), although they remain
substantially high, offering robust evidence against the null hypothesis. Moreover, while the ESG score
is initially significant in the OLS regressions, it becomes insignificant or markedly less significant (-0.556)
in the fixed effects regressions, which include both the raw score and the median as explanatory variables.
This shift suggests that the initial findings may be skewed by omitted variables that vary between groups
but not within them, potentially compromising the reliability of these results. Intriguingly, where the
ESG score is significant, it negatively influences the excess return, suggesting that lower ESG scores
correlate with higher returns. Other notable variables that modestly affect excess return include fund
flows, fund age, both of which are positively correlated with excess return. Notably, the analysis reveals
that newer funds tend to achieve higher excess returns. This implies that although active management
decisions and sustainability-related strategies may contribute to performance, they do not outweigh the

dominant influence of passive factor exposures encapsulated by the static return component.

Regarding the regression findings for other sustainability variables—such as the individual dimensions
of ESG and carbon scores—these are elaborated upon in Appendix 4-D. Irrespective of the sustainability
metrics considered, the static return consistently emerges as a highly significant and influential factor
across all regression models, as demonstrated by its substantial coefficients. Fund flows and fund age,
while statistically significant, exert a much smaller impact. As for the relevance of sustainability variables
within the regressions, their significance has decreased from the OLS to the fixed effects regressions, to
the point where the environmental score is no longer significant, whilst the social score retains mild
significance in the latter models. Concerning carbon scores, although the absolute level of carbon scores

has lost its significance, the binary variable indicating whether the carbon score is above or below the
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median (0.704) retains its relevance, suggesting a potential non-linear relationship between excess return
and carbon scores. A similar outcome is observed with the governance variable, where only the binary
variable indicating whether governance scores are above or below the median has maintained
significance, albeit reduced. This underscores the non-linear response of excess returns to governance

scores, as highlighted by the positive coefficient (1.126) for the median governance indicator variable.
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Exhibit 8 Regressions Analysing the Relationship Between Excess Return, Dynamic

Return, and ESG Using Various Specifications

%;?:bdﬁ‘;t EXCESS RETURN: EXCESS RETURN: DYNAMIC RETURN: | DYNAMIC RETURN:
Scores only Scores and median Scores only Scores and median
OLS FE OLS FE OLS FE OLS FE
Independent 0 . g a 0 . . .
Variables Regression | regression | Regression | Regression | Regression | Regression | Regression | Regression
€] (2) (3) (4) (5) (6) (7) (8)
ESG Score -0.941%** -0.354 -1.003%** -0.556* -0.163* -0.145 -0.323** -0.228
(-6.079) (-1.512) (-4.704) (-2.265) (-2.056) (-1.571) (-2.955) (-1.586)
. 0.120 0.372 0.312* 0.153
Median ESG Score (0.420) (1.591) (2.125) (1.014)
s Rl 0.147 0.184 0.151 0.188 -0.111 -0.073 -0.101 -0.071
(0.943) (1.081) (0.968) (1.108) (-1.389) {(-0.620) (-1.255) (-0.604)
Fund Age -0.025 -0.235% -0.016 -0.253% 0.169*** 0.130* 0.191%** 0.122.
(-0.413) (-2.142) (-0.254) (-2.400) (5.493) (2.090) (5.886) (1.955)
Flows 0.051 0.173* 0.052 0.176* 0.109%* 0.089* 0.111%* 0.090%*
(0.707) (2.814) (0.717) (2.359) (2.923) (2.288) (2.970) (2.303)
Fund Size 0.009 0.058 0.010 0.066 -0.017 -0.051 -0.014 -0.048
(0.128) (0.543) (0.148) (0.640) (-0.483) (-1.122) (-0.382) (-1.061)
Fund Volatility -0.043. 0.120 -0.042. 0.123 0.065%** -0.008 0.066%** -0.007
- (-1.912) (0.684) (-1.875) (0.696) (5.645) (-0.230) (5.787) (-0.204)
Static Return 1.479%** 1.461%** 1.4T9*** 1.461%%*
(132.400) (22.540) (152.400) (22.530)
R? 66.328% 67.110% 66.328% 67.116% 1.611% 4.590% 1.660% 4.601%
Adj. R? 66.302% 66.933% 66.299% 66.935% 1.547% 4.087% 1.585% 4.087%
Year Fixed Effect No Yes No Yes No Yes No Yes
Other fixed effects
(Morningstar
rating,
N No Yes No Yes No Yes No Yes
Category,
Sustainability
Rating, Index
Fund)

Source: Authors’ estimates.
5.10.4 Relationship between dynamic return and sustainability

We now examine the regression findings that evaluate the general average relationship between dynamic
timing return and ESG scores, as presented in Exhibit 8. Overall, sustainability information—whether
the actual level of the ESG score or the indicator for median ESG score—is statistically insignificant.
Depending on the regression specification, fund age is mildly statistically significant; unlike excess return,
dynamic timing return positively correlates with it, indicating that dynamic timing return is associated
with funds possessing longer track records. Fund flows also emerge as a statistically significant
explanatory variable, albeit with a very minimal impact on dynamic return, particularly since its
coefficient has decreased from 0.176 in the fixed effects regression for excess return to 0.090 for dynamic

return.

The regression results for the remaining sustainability variables are presented in Appendix 4-D.
Consistent with the ESG findings, fund flows and fund age are statistically significant across all
regression specifications. However, the magnitude of their impact remains modest, as reflected by the
relatively small coefficient sizes, especially in the case of fund flows. Interestingly, sustainability

information is largely not germane to explaining dynamic return, with the exception of one regression
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specification related to environmental scores, where dynamic return is negatively correlated with the

level of environmental scores (-0.185).

5.10.5 Relationship between alpha and sustainability

We now turn our attention to the regression findings that evaluate the relationship between security
selection alpha and sustainability information, as detailed in Exhibit 9 and Appendix 4-E. Concerning
ESG scores, sustainability information—whether represented by the level of the ESG score or the
associated binary variable—generally lacks relevance. Notably, alpha is associated with more recently
established funds, as indicated by the negative coefficients for fund age (ranging from -0.449 to -0.462)
and demonstrates a positive correlation with fund flows (approximately 0.25), both of which are

statistically highly significant.

Concerning regressions that involve other sustainability variables, both stronger fund flows and newer
fund launches are associated with higher alpha, although the impact of these variables, while statistically
significant, is relatively modest. Regarding the relationship between other sustainability metrics (namely,
environmental, social, governance, and carbon scores) and alpha, the actual level of this information
proves to be irrelevant. However, alpha is positively correlated with the indicator variables that denote
whether a fund has higher than median carbon and governance scores. Specifically, funds with higher-
than-median carbon and governance scores exhibit higher alpha than those with lower-than-median
scores, as demonstrated by the positive coefficients for these indicators, which are 1.393 and 1.284,

respectively in Specification (4) of the regressions.
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Exhibit 9

Various Specifications for Linear and Quantile Regressions

Regressions Examining the Relationship Between Alpha and ESG Across

R ALPHA ALPHA ALPHA
Variables
Scores Only Scores and Median 25%, 50%, 75% Quantiles
25% 50% 75%
OLS FE OLS FE Quantile Quantile Quantile
Independent 0 9 " 1
Variables Regression | Regression Regression Regression FE FE FE
(1) (2) (3) (4) Regression | Regression | Regression
(5) (6) (7)
ESG Score -1.443%%* -0.309 -1.433%%* -0.447 0.169 0.003 -0.207
o (-7.524) (-0.782) (-5.417) (-1.099) (0.44) (0.01) (-0.37)
. v a -0.020 0.254 -0.128 -0.230 -0.358
Median ESG Score (-0.055) (0.625) (-0.46) (-0.62) (-0.66)
(5 ssrms Trpt 0.304 0.348 0.303 0.352 -0.282 0.192 0.792%*
(1.572) (1.380) (1.566) (1.387%) (-1.56) (0.84) (2.63)
Fund Age -0.050 -0.449%** -0.051 -0.462%%* -0.570%** -0.323. -0.010
(-0.674) (-3.733) (-0.655) (-4.144) (-4.12) (-1.92) (-0.05)
Flows 0.032 0.248%** 0.032 0.250%%* 0.054 0.073 0.096
(0.358) (4.163) (0.357) (4.234) (0.78) (1.11) (1.34)
Fund Size 0.069 0.128 0.069 0.134 0.072 0.078 0.085
’ (0.800) (0.897) (0.796) (0.978) (0.72) (0.62) (0.49)
Fund Volatility -0.0596* 0.244 -0.0597* 0.246 -0.101 -0.067 -0.023
3 (-2.157) (0.804) (-2.157) (0.810) (-1.25) (-0.69) (-0.19)
R? 1.196% 5.606% 1.196% 5.611% = = =
Adj. R? 1.132% 5.109% 1.121% 5.103% = = =
Fixed Effocts No Yes No Yes Yes Yes Yes
(Year)
Other fixed effects No Yes No Yes Yes Yes Yes

Source: Authors’ estimates
5.10.6 Quantile relationship between alpha and sustainability information

In this final section, we evaluate the relationship between security selection alpha and sustainability
information through the use of quantile regressions. Quantile fixed effects panel regression analyses the
influence of explanatory variables—here, alpha—on various quantiles of the dependent variable,
including median and extreme values, while controlling for unobserved individual characteristics that
are consistent over time. This method goes beyond traditional linear fixed effects models, which only
determine average effects, by revealing the diversity in impacts across the distribution of the outcome.
For example, it can distinguish the differential impacts on various subgroups within a population, such
as lower versus higher performers. This technique is especially beneficial for a deeper understanding of

distributional effects, offering a nuanced and comprehensive perspective.

The quantile regression results detailed in Exhibit 9 reveal that ESG information does not notably
influence the variation in alpha across different quantiles. At the lower quantiles, newer funds are
positively associated with higher alpha values, whereas at the higher quantiles, increased expense ratios
correspond to elevated alpha. Regarding other sustainability dimensions (i.e., environmental, social,
governance, and carbon scores), newer funds consistently demonstrate a positive correlation with alpha
at lower quantiles, and similarly, a positive relationship with higher expense ratios at the upper quantiles

across all assessed sustainability variables. Beyond carbon and governance, sustainability information
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generally does not serve as a significant explanatory variable in these regressions. Regarding carbon
scores, the binary indicator variable shows significance both on average and at the median level,
indicating that funds with above-median carbon scores generally achieve higher alpha than those with
below-median scores. The relationship between alpha and carbon scores is distinctly non-linear and only
achieves statistical significance at specific points within the distribution (see Exhibit 10). The most
notable findings pertain to governance: funds with above-median governance scores generate higher
alpha compared to those with below-median scores (see Exhibit 11). The level of significance initially
intensifies at higher quantiles of alpha but then moderates, though it remains highly significant. This
dichotomous and non-linear relationship, rather than an incremental one, is confirmed in Exhibit 12.
The exhibit illustrates that funds with higher-than-median governance scores are associated with
increased alpha starting at the 25 percentile. This relationship continues to grow in significance,
peaking between the 40t and 75 percentiles; beyond this threshold, although the relationship weakens
somewhat, it remains material. Essentially, as the alpha of the funds improves, the positive impact of
higher governance scores becomes more pronounced. However, beyond the 75 percentile, despite the
continuing increase in the relationship's strength, the statistical certainty begins to wane—though it

remains statistically significant.

Overall, the relationship between governance and alpha appears to be the most compelling. The
governance binary variable displays strong statistical and economic significance, not only on an average
basis, as corroborated by the results of the static fixed effects regression but also across much of the

distribution of alpha.

Exhibit 10 Regressions Examining the Relationship Between Alpha and Carbon Across

Various Specifications for Linear and Quantile Regressions
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Dependent

ALPHA

ALPHA

ALPHA

Variables
Scores Only Scores and Median 25%, 50%, 75% Quantile
25% 50% 75%
o=t OLS- FE . OLS_ FE ) Quantile Quantile Quantile
Variables Regression = Regression @ Regression Regression FE FE FE
(1) (2) (3) (4) Regression | Regression | Regression
(5) (6) (1)
Gk agie -0.947 *** -0.049 -0.531 *** 0.330 -0.303. 0.198 0.848 **
(-8.345) (-0.153) (-3.678) (0.922) (-1.67) (0.99) (3.04)
Median Carbon 1.506 *** 1.393 ** 0.152 0.470%* 0.884
Score (4.660) (2.823) (0.52) (2.95) (1.61)
B R 0.332. 0.379 0.322. 0.398. -0.190 0.272 0.867 ***
) (1.731) (1.575) (1.681) (1.664) (-0.98) (1.34) (8.21)
Tt -0.031 -0.454 *** -0.125 -0.429 ** -0.535 ** -0.314 -0.023
(-0.417) (-5.692) (-1.642) (-3.606) (-8.15) (-1.61) (-0.10)
Flows 0.029 0.247 *** 0.025 0.244 *** 0.055 0.078 0.101
(0.319) (4.222) (0.277) (4.123) (0.82) (1.21) (1.40)
Fund Size 0.083 0.134 0.080 0.113 0.071 0.093 0.120
‘ (0.960) (0.923) (0.932) (0.808) (0.62) (0.69) (0.69)
Fund Volatility -0.066 * 0.252 -0.073 ** 0.228 -0.104 -0.070 -0.026
(-2.377) (0.817) (-2.645) (0.753) (-1.27) (-0.72) (-0.22)
R? 1.336% 5.591% 1.570% 5.774% - - =
Adj. R? 1.271% 5.003% 1.494% 5.267% - - =
i L No Yes No Yes Yes Yes Yes
(Year)
Other fixed effects No Yes No Yes Yes Yes Yes

Source: Authors’ estimates.

Exhibit 11 Regressions Examining the Relationship Between Alpha and Governance

Across Various Specifications for Linear and Quantile Regressions

Ltz paarilay ALPHA ALPHA ALPHA
Variables
Scores Only Scores and Median 25%, 50%, 75% Quantile
25% 50% 75%
o OLS' FE ) OLS. FE . Quantile Quantile Quantile
Variables Regression | Regression Regression Regression FE FE FE
(1) (2) (3) (4) Regression | Regression | Regression
(5) (6) (7)
Governance Score 0.060 0.451 -1.338%%* -0.562 0.187 -0.449 -1.266
(0.211) (0.914) (-3.293) (-0.731) (0.43) (-0.67) (-1.14)
Median 1.741 *** 1.284 ** 0.650* 1.076%* 1.623*
Governance Score (4.828) (2.777) (2.13) (2.64) (2.55)
e T 0.611%* 0.438. 0.556%* 0.447. -0.190 0.272 0.867***
Hse (3.186) (1.926) (2.893) (1.943) (-0.98) (1.34) (3.21)
Fund Age -0.310%** -0.447%** -0.281%%* -0.413%* -0.548%** -0.318 -0.023
: (-4.670) (-3.707) (-4.281) (-3.406) (-3.28) (-1.63) (-0.10)
Flows 0.032 0.248%%* 0.033 0.249%** 0.053 0.074 0.101
(0.551) (4.155) (0.370) (4.160) (0.78) (1.14) (1.40)
Fund Size 0.062 0.126 0.081 0.142 0.072 0.093 0.120
: (0.704) (0.870) (0.922) (1.002) (0.62) (0.69) (0.69)
Tl Vel ST -0.041 0.260 -0.039 0.268 -0.099 -0.063 -0.016
(-1.489) (0.840) (-1.395) (0.868) (-1.20) (-0.64) (-0.13)
R? 0.586% 5.613% 0.838% 5.744% = = =
Adj. R? 0.52% 5.116% 0.762% 5.237% - - -
Fixed Effects No Yes No Yes Yes Yes Yes
(Year)
Other fixed effects No Yes No Yes Yes Yes Yes

Source: Authors’ estimates.
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Exhibit 12 Graph Depicting Variations in the Coefficient of the Median Governance

Binary Variable Across Different Alpha Quantiles

Statistically Statistically Statistically Statistically
insignificant significant significant significant
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Coefficient in median G

5% 10% 15% 20% 25% 30%  35% 40%  45% 50% 55% 80% 65% T0% 5% 80% 85% 90%  95%

Quantiles

Source: Authors’ estimates.

5.11 Conclusion and investment implications

b.11.1 The Relationship Between Sustainability and Fquity Risk Factors

Sustainability investing is often linked to factor investing, particularly its positive correlation with the
quality factor ((Dekhayser and Lawrence 2020); (Clubb, Takahashi, and Tiburzio 2016)). Some studies
suggest that sustainable stocks mitigate risk, particularly during market distress, while others argue
that they align more closely with momentum. However, this study finds no definitive link beyond market

beta being the dominant factor loading.

The holdings-based attribution approach further challenges assumptions that sustainable funds exhibit
defensive properties, such as a strong association with low-volatility. Instead, portfolios with high
environmental or social scores are primarily influenced by momentum, while governance scores correlate
with reduced momentum exposure. Additionally, higher social, governance, and composite ESG scores
tend to favour growth stocks over value stocks, contradicting prior studies linking sustainability with

defensive characteristics.
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This study challenges the prevailing assumption that ESG systematically aligns with defensive factors.
Unlike prior research linking sustainability to quality or low volatility, our findings indicate a more
complex and conditional relationship with factor exposures. The holdings-based attribution analysis
particularly highlights that while high environmental and social scores correlate with momentum,
governance scores reduce momentum exposure. These results contradict the widely held belief that
sustainability enhances risk mitigation. By employing both time-series regression and holdings-based

attribution, this study offers a more granular perspective than many previous aggregate-level analyses.

5.11.2 The Influence of Sustainability on Investment Fund Returns

5.11.2.1 Excess Return

The analysis suggests that excess returns are predominantly driven by systematic factor tilts, as
evidenced by the highly significant static factor return variable. Once these factor exposures are
accounted for, ESG scores exhibit negligible influence. Other fund-specific characteristics, such as fund
flows and fund age, play only a marginal role. Although newer funds and those experiencing larger
inflows tend to generate higher excess returns, these effects are unrelated to ESG attributes, suggesting

that sustainability does not inherently drive excess returns.

5.11.2.2 Dynamic Return

The findings indicate that sustainability characteristics do not significantly influence dynamic return,
which reflects a fund manager’s ability to adjust factor exposures and engage in security selection. Across
all regression specifications, ESG scores show no material impact on timing strategies, suggesting that
fund managers do not systematically incorporate sustainability considerations when reallocating
portfolios. Once static factor returns are accounted for, ESG attributes generally exhibit no discernible
influence on dynamic portfolio adjustments or excess return generation. Although fund flows are
statistically significant across models, their effect on dynamic timing return remains modest, reinforcing
the conclusion that ESG integration does not contribute to tactical asset allocation. These findings

contradict studies suggesting that ESG factors influence market timing (Kriiger 2015).

5.11.2.3 Security Selection Alpha
To further isolate managerial skill, factor timing return is excluded from dynamic return to derive
security selection alpha. While broad sustainability scores do not significantly explain security selection

alpha, carbon and governance scores exhibit non-linear effects.

Funds with above-median carbon scores generate superior alpha, though this effect is primarily
concentrated around the median and mean levels, lacking consistency across the full return distribution.

In contrast, governance scores display a more robust and persistent relationship with alpha, particularly
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in the mid-to-upper performance percentiles. Quantile fixed-effects regression further confirms that
governance quality enhances fund performance across most of the alpha distribution, with the strongest

effect observed between the 40th and 75th percentiles.

These findings refine prior research (e.g., (Gompers, Ishii, and Metrick 2003); (Klapper and Love 2004)),
which generally assumes a much more direct positive relationship between governance and performance.
This study instead demonstrates that governance’s influence depends on the return distribution, making

it particularly relevant for mid-to-high-performing funds.

5.11.2.4 The Role of Governance in Enhancing Alpha

From an investment perspective, governance refers to the practices of companies held within a fund—
not the fund’s own structure (Trahan 2008). Key factors such as board independence, executive
remuneration, and shareholder rights shape managerial decisions, risk oversight, and strategy, thereby

influencing financial performance.

Sustainability generally does not drive alpha, except for carbon and governance scores. Among these,
governance is the strongest predictor of fund-level security selection alpha. Funds with a higher
proportion of stocks scoring above the median on governance consistently generate greater alpha,

especially at higher percentiles.

Robust governance is linked to superior operating performance, earnings quality, and risk management
((Gompers, Ishii, and Metrick 2003); (Klapper and Love 2004)). It reduces agency conflicts and aligns
managerial decisions with shareholder interests, leading to better financial outcomes. Moreover, well-
governed firms achieve higher market valuations (Gompers, Ishii, and Metrick 2003; Klapper and Love
2004) and incur lower agency costs (Jensen and Meckling 1976; Shleifer and Vishny 1997). Effective
board composition and oversight enhance decision-making (Hermalin and Weisbach 2003), while robust
board oversight and shareholder protections further improve firm performance (Bhagat and Bolton

2008).

5.11.2.5 Implications for Fund Selection and ESG Integration

From an investor’s perspective, screening for governance quality can help identify companies with
stronger operating profitability, enhanced transparency, and a reduced risk of managerial entrenchment.
Our analysis suggests that selecting investments based on governance quality may amplify alpha
generation, particularly among higher-performing assets. This finding supports the existence of a
threshold effect, whereby governance must exceed a certain standard before material benefits are
realised. Investors seeking to maximise security selection alpha should therefore integrate governance

assessments into their selection process alongside other fundamental factors.
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Although aggregate ESG scores are widely reported by asset managers, these findings indicate that they

can serve as an indirect proxy for identifying alpha-generating opportunities.

b5.11.3 Limitations and Considerations for Future Research

This study acknowledges several limitations. First, the analysis covers a relatively short time frame,
coinciding with the early stages of ESG investing, which may limit its ability to assess long-term

performance trends.

Second, the reliance on ESG scores from a single provider presents a caveat, given significant rating
divergences across agencies (Berg, Kolbel, and Rigobon 2022). Rating discrepancies stem from differences
in scope, materiality, data collection, and weighting methodologies, leading to substantial variations in
assessments. Additionally, ESG rating agencies apply distinct penalties for corporate controversies,

further affecting scores.

Despite these limitations, empirical evidence suggests that MSCI’s ESG ratings are the most widely
adopted among institutional investors (Berg, Heeb, and Koelbel 2022). As a result, reliance on MSCI
data aligns with market practice, though future research should consider robustness tests using

alternative rating providers.

By disaggregating ESG attributes and identifying non-linear governance effects on alpha, this study
enhances understanding of ESG investing. However, the absence of standardisation in ESG scoring

underscores the need for caution in extrapolating conclusions across frameworks.

b5.11.4 Conclusion

In summary, our study makes a significant contribution by advancing our understanding of ESG’s role
in investment performance. Whereas earlier research has predominantly relied on returns-based analyses
and composite ESG scores—with only one study employing a holdings-based granular approach—our
dual-method approach for European funds places special emphasis on the holdings-based analysis, where
most of our discoveries were made. This approach reveals that while overall ESG scores may not
consistently drive excess returns, the non-linear impact of governance quality contributes substantially
to enhanced security selection alpha. These contributions underscore the importance of methodological
granularity and a regional focus in ESG research, offering valuable insights for both academic inquiry

and practical investment strategies
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As ESG disclosure improves, future research should examine how greater transparency affects the ESG—
performance link. Expanding this analysis to global equity markets would enhance its applicability and

provide deeper insights into sustainability’s role in investment decisions.

The results provide mixed support for the proposed hypotheses. While ESG was expected to enhance
excess and dynamic returns, findings suggest that systematic factor tilts dominate performance, and
sustainability attributes play little role. However, the evidence partially supports the hypothesis that
governance quality enhances security selection alpha, particularly in the mid-to-upper performance

range.

Unlike prior studies assuming a uniform ESG-performance link, this research finds sustainability’s
impact to be non-linear and factor-specific. Holdings-based analysis highlights ESG’s stronger link to
momentum factors rather than low-volatility or quality, and governance emerges as the most influential

factor for alpha generation.
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Appendix 5-A: MSCI ESG Score Methodology

The construction of MSCI ESG scores

ESG Letter Rating

(AAA-CCC)

Pre-set score-to-ktterrating matrix

Final Industry

Adjusted Score (0-10)

Adjusted relative to Indusiry Peers, including exceptional overrides
Weighted Average Key
Issue Score (0-10)

Weighted average of underlying pillar scores

Environment Pillar Social Pillar Governance Pillar

Score (0-10) Score (0-10) Score (0-10)

Each pillar is organised into underlying themes;

Deduction-based scoring

Environmental and Social Pillar and Theme Scores derive from the ’
modelapplied

weighted average of underlying Issue scores

Environmental Key Social Key Issue
Issue Scores (0-10) Scores (0-10)

Govemnance Key Issue

Scores (0-10)

Exposure Mgmt Exposure Mgmt Key Metric Deductions
Scores Scores Scores Scores
Key Metrics:
Indicators: Indicators: Indicators: Indicators: Ownership Characteristics;
Business Strategy Business Strategy Board & Committee
Segments; Programs & Segments; Programs & Composition;
Geographic Initiatives Geographic Initiatives Pay Figures; Accounting
Segments; Co- Performance Segments; Co- Performance Metrics; Policies &
specific Controversies specific Controversies Practices Business &
indicators indicators Geographic

Segments; Controversies

Source: MSCI ESG Ratings Methodology, MSCI
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Appendix 5-B: Time-series regressions of sustainability and return

Return of decile portfolios sorted by Environmental scores

(Lowest
Score)

2

10
(Highest
Score)

FF3M
FF6F
AQ6F
FF3M
FF6F
AQ6F
FF3M
FF6F
AQ6F
FF3M
FF6F
AQ6F
FF3M
FF6F
AQ6F
FF3M
FF6F
AQ6F
FF3M
FF6F
AQ6F
FF3M
FF6F
AQ6F
FF3M
FF6F
AQ6F
FF3M
FF6F
AQ6F

0.002
-0.001
0.003
0.002
0.001
0.004
-0.003
-0.002
-0.002
-0.004
-0.006
-0.007
-0.001
-0.002
0.001
0.002
0.002
0.001

-0.009.

-0.007
-0.005

-0.009.
-0.009.
-0.009.

-0.003
-0.001
0.000

-0.005
-0.007
-0.002

0.958%**
0.901%**
1.045%**
1.057%**
1.045%**
1.028%**
1.269%**
1.312%**
1.189%**
1.242%%*
1.201%**
1.326%**
0.951%**
0.858%**
0.854%**
0.986%**
0.962%**
0.921%**
1.117%**
1.163%**
1.032%**
1.042%**
1.047%**
0.951%**
1.105%**
1.188%**
1.056%**
1.045%**
0.992***
1.053%**

MKT?

-0.499*
-0.085
-0.606
-0.162
-0.081
-0.327
-0.139
-0.220
-0.220
-0.923
-0.528
-0.482
-0.278
-0.637
-0.371
-1.109
-1.390
-1.128
-0.112
-0.340
-0.607
0.964
1.186
0.766
-0.835
-1.103
-1.073
-0.481
-0.222
-0.793

SMB
0.370
0.348
0.909***
-0.155
-0.153
-0.288
0.090
0.220
-0.435
-0.357
-0.378
-0.122
-0.194
-0.528.
-0.474
-0.579%
-0.706*
-0.837*
-0.214
-0.158
-0.152
-0.253
-0.140
-0.360
-0.012
0.112
0.034
-0.094
-0.152
0.133

-0.336
0.203
0.341
-0.016
0.093
-0.144
0.289
-0.089
-0.279
-0.299
0.168
0.306
0.184
0.736
-0.267
0.006
0.090
-0.402
-0.123
-0.533
-0.430
0.272
0.290
-0.093
-0.317
-1.000%
-0.464
-0.112
0.363
0.012

RMW
-0.442%*
-0.338 0.735
-0.163
-0.149 0.144
0.296
0.229 -0.277
0.206
0.280 0.689.
0.203
0.293 -0.182
0.122
0.119 -0.301
-0.094
-0.171 -0.456
0.130
0.124 0.266
-0.335
-0.453* -0.625
-0.277
-0.198 0.520
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CMA

-0.398

-0.062

0.504

-0.205

-1.395%

-0.458

0.409

0.285

0.796

-0.444

-0.089

-0.035

0.109

0.661*

0.257

-0.190

-0.216

-0.182

-0.410

-0.129

-0.594%%*

-0.099

0.320

-0.360%

0.099

0.352

-0.105

0.345.

-0.087

-0.347

0.728.

0.725

-0.704.

0.340

-0.874.

-0.303

-0.327

-0.249

-0.168

0.106



Return of decile portfolios sorted by Social scores

Decile

1
(Lowest
Score)

2

10
(Highest
Score)

Model
FF3M
FF6F
AQG6F
FF3M
FF6F
AQGF
FF3M
FF6F
AQ6F
FF3M
FF6F
AQ6F
FF3M
FF6F
AQ6F
FF3M
FF6F
AQ6F
FF3M
FF6F
AQ6F
FF3M
FF6F
AQ6F
FF3M
FF6F
AQ6F
FF3M
FF6F
AQ6F

0.006
0.005
0.008
-0.004
-0.006
-0.004
-0.004
-0.005
-0.001
-0.001
0.001
0.000
-0.001
0.001
0.001
-0.010*
-0.012
-0.010.
-0.007
-0.006
-0.003
-0.001
-0.001
0.000
0.005
0.007
0.006
0.000
0.000
0.006

1.064%**
1.102%**
1.075%**
1.1471%%*
1.107%**
1,121 %*%*
0.954%**
0.905%**
0.970%**
1.035%**
1.072%**
1.014%**
1.050%**
1.053%**
0.963***
1.219%**
1.158%**
1.2 7¥**
1.128%%*
1.078%**
1.040%**
1.218%**
1.219%**
1.135%**
1.097***
1.149%**
1.097***
0.942%%**
0.916%**
0.879%**

-1.561
-1.276
-1.521
1.259
1.618
1.124
-0.443
-0.454
-0.369
-1.371
-1.596
-1.692
-0.599
-0.927
-0.934
0.888
1.104
0.851
0.22
-0.306
-0.337
-0.725
-0.722
-1.119
-0.253
-0.602
-0.25
-0.686
-0.744
-1.475

0.672%
0.865
0.692*
-0.158
-0.127
0.178
0.388
0.254
0.562.
-0.353
-0.302
-0.258
-0.314
-0.376
-0.627*
0.089
0.009
0.159
-0.13
-0.371
-0.067
-0.793**
-0.783%*
-0.626*
-0.065
-0.045
0.283
0.192
0.103
0.249

-0.064
-0.273
0.183
-0.059
0.304
0.177
-0.296
0.05
0.236
-0.032
-0.383
-0.329
0.459*
0.309
0.001
0.03
0.532
0.032
-0.054
0.101
-0.523
0.162
0.17
-0.029
-0.322
-0.806%*
-0.187
0.161
0.329
-0.158

RMW
-0.154
-0.173 0.242
-0.075
-0.017 0.589
-0.199
-0.128 0.143
-0.063
-0.135 -0.432
0.009
-0.027 -0.464
-0.149
-0.06 0.48
0.064
0.084 -0.567
0.156
0.136 0.007
0.079
-0.006 -0.63
-0.342.
-0.307 0.007
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0.654

-0.116

-0.641

0.322

-0.161

-0.57

-0.969.

0.081

0.359

-0.381

0.257

0.084

0.439

-0.388

-0.037

-0.13

-0.187

0.101

-0.421

-0.372.

-0.611%*

0.08

0.181

-0.044

-0.044

-0.047

-0.28

-0.225

-0.167

0.153

-0.133

0.106

-0.689.

0.036

-0.357

-0.266

0.117



Return of decile portfolios sorted by Governance scores

Decile Model MKT? SMB RMW
1 FF3M -0.003 1.134%** | 2.019% 0.293 -0.041 0.107 66%
(Lowest FF6F -0.005 1.100%** | 3.071%* 0.239 0.258 0.167 0.317 -0.331 67%
Score) AQ6F -0.003 1.168%** | 2.682* 0.584. 0.366 0.265 -0.317 0477 67%
2 FF3M -0.013* 1.258%** | _1.359 -0.136 -0.149 -0.034 0%
FF6F -0.013* 1.262%** | 1245 -0.099 -0.131 -0.034 0.146 0.141 0%
AQG6F -0.013%* 1.282%** | 1506 -0.009 -0.142 -0.113 -0.103 0.262 71%
3 FF3M 0.005 1.013%** | _0.355 -0.028 -0.115 -0.284 69%
FF6F 0.006 0.983%** | _0.756 -0.218 -0.035 -0.272 -0.445 -0.674 0%
AQ6F 0.009. 0.892%** | _(.584 -0.256 -0.367 -0.272 0.061 -0.671. 70%
4 FF3M 0.004 1.042%** | 0549 0.028 0.218 -0.010 63%
FF6F 0.001 0.987*%* | (0333 0.129 0.924% 0.115 1.374%* -0.002 67%
AQ6F 0.001 1.113%** | _0.320 0.079 0.604 0.197 -0.093 0.432 64%
5 FF3M -0.008 1.127%%* | 0.728 0.118 -0.223 0.076 63%
FFér -0.008 1.113%** | 0.639 0.068 -0.168 0.088 -0.085 -0.230 63%
AQ6F -0.008 1.154%** | 0.699 -0.048 -0.443 -0.192 0.189 0.159 64%
6 FF3M 0.000 1.049%** | _0.292 -0.377 -0.017 0.002 65%
FF6F -0.001 0.972%¥* | _0.425 -0.608* 0.502 0.081 0.073 -1.013. 66%
AQ6F -0.001 1.097%%* | _0.441 -0.221 0.079 -0.016 -0.106 0.361 66%
7 FF3M -0.008. 0.975%*%* | 047§ -0.401. -0.690*%*  _0.316 61%
FFér -0.008 0.970%** | _0.662 -0.467. -0.709. -0.330 -0.228 -0.170 61%
AQ6F -0.010. 1.037%** | _0.375 -0.341 -0.890** -0.734% 0.176 0.475 64%
8 FF3M -0.004 1.135%** | 0.963 -0.013 -0.180 -0.063 69%
FF6F -0.005 1.134%%* | 1.349 0.094 -0.036 -0.038 0.526 0.280 0%
AQ6F -0.006 1.150%** | 1,304 0.079 -0.073 0.019 0.033 0.091 69%
9 FF3M -0.006 1.065%**  1.806. -0.058 0.157 0.315 61%
FF6F -0.007 1.027*** | 2 155, -0.078 0.518 0.376. 0.472 -0.253 62%
AQ6F -0.007 1.054%** | 1.801 -0.078 0.294 0.447 -0.068 -0.010 61%
10 FF3M 0.006 1.032%** | -2,176. 0.134 -0.069 -0.033 61%
(Highest FF6F 0.003 0.925%*%*  _1.803 -0.054 0.798. 0.121 0.726 -1.099. 64%
Score) AQ6F 0.006 1.077*%** | _2,051. 0.213 0.246 0.183 -0.171 0.234 61%
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Return of decile portfolios sorted by Carbon scores

Decile Model MKT?2 SMB RMW
1 FF3M -0.003* 1.197*%* 0,607 0.108 0.371. 0.332. 71%
(Lowest FF6F -0.006 1.099%*%* 0,936 -0.062 1.201%* | 0.480%* 0.768. -0.966. 73%
Score) AQ6F -0.003 1.229%** 295 0.317 0.405 0.631%* -0.402*  _0.034 71%
2 FF3M -0.009 1.130%** 1,347 -0.052 -0.550 -0.213 73%
FF6F -0.008. 1.140%** 1,072 -0.072 -0.739 -0.250 -0.421 -0.058 3%
AQ6F -0.006 1.090%** 0,940 0.246 -0.745% -0.431 -0.189 0.085. 4%
3 FF3M -0.001 1.087*** 1839 0.171 0.130 0.119 67%
FF6F -0.002 1.032*%**  _1.811. 0.014 0.555 0.199 0.229 -0.692 68%
AQGF 0.000 1.070%** 1,740 -0.104 0.038 0.273 -0.019 -0.361 67%
4 FF3M -0.003 1.109*%** 1308 -0.188 -0.013 0.057. 73%
FF6F -0.003 1.127%*% 1995 -0.141 -0.146 0.029 -0.075 0.228 4%
AQ6F -0.003 1.050*%** 0,930 -0.162 -0.432 -0.384 0.267 0.003 4%
5 FF3M 0.006 0.915%** 1902 -0.226 -0.280 -0.368% 68%
FF6F 0.008. 0.921%%*  _1,785, -0.354 -0.535 -0.121% -0.815% -0.337 0%
AQ6F 0.012 0.808%**  _1.862. -0.287 -0.726* -0.696* 0.025 -0.344 0%
6 FF3M -0.008 1.060%** 0,039 -0.166 -0.040 -0.063 62%
FF6F -0.007 1.113%**% 0,180 -0.052 -0.530 -0.156 -0.490 0.538 63%
AQG6F -0.005 0.947*** 0,434 -0.378 -0.729% -0.469 0.207 -0.541 64%
7 FF3M 0.000 0.735%** 1539 0.187 0.066. -0.256 57%
FF6F -0.001 0.772%*% 1902 0.372% -0.088* | _0.276 0.336 0.695 58%
AQ6F 0.000 0.762%** ] 353 0.593 0.762 0.341 -0.481 0.218 61%
8 FF3M -0.006 1.159%*%  3.011%*  -0.390. 0.166 0.464%* 65%
FF6F -0.006 1.199*%** 3961 -0.202 -0.039 0.418% 0.205 0.724 66%
AQ6F -0.010. 1.086%*%*  3.155%* | _0.725%* _(.103 0.065. 0.636 -0.205 69%
9 FF3M -0.006 1.305%**  _0.831 -0.337 -0.400* | 0.026 72%
FF6F -0.006 1.343%*%* 0,670 -0.203 -0.604 -0.017 0.103 0.603 3%
AQ6F -0.010. 1.405%*%* (532 -0.024 0.106 0.184 -0.023 0.683. 4%
10 FF3M 0.000 0.944*** 0,210 -0.676* 0.287 0.277 53%
(Highest ~ FF6F 0.003 1.075%%* 0,143 -0.345 -0.684 0.090. -0.516 1.623%% 58%
Score) AQ6F -0.003 0.927*** 0,277 -0.709* 0.319 0.302 0.155 -0.046 54%

Source: Authors’ estimates. FF3M refers to the Fama-French 3-factor model with Cahart momentum, FFGF refers to the Fama-French 6 factor model and AQ6F refers to the AQR factor model. ***

represents statistical

significance at 0.1%, ** represents statistical significance at 1% and * represents statistical significance at 5% levels. MKT represents the market beta exposure, MKT2 represents the square of the market beta exposure which
seeks to proxy the non-linear market timing ability, SMB represents the size factor, HML represents the value factor, MOM represents the Carhart momentum factor, RMW represents the operating profitability factor, CMA
represents the investment conservatism, UMD represents the AQR momentum factor, BAB represents the betting against beta factor and QMJ represents the quality factor.
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Appendix 5-C: Holdings-based
(Static factor return)
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Appendix 5-D: Relationship between excess return, dynamic timing return and

sustainability
Return and Environmental Scores
Dependent
Variables EXCESS RETURN: EXCESS RETURN: DYNAMIC RETURN: DYNAMIC RETURN:
Scores only Scores and median Scores only Scores and median
OLS FE OLS FE OLS FE OLS FE
Independent . . . . . . . .
Variables Regression regression Regression | Regression | Regression | Regression | Regression | Regression
(1) (2) (3) (4) (5) (6) (7) (8)
Environmental -1.242%%* 0.293 -1.152%** -0.163 -0.038 -0.185% 0.027 -0.190
Score (-7.139) (-1.269) (-4.761) (-0.568) (-0.422) (-2.122) (0.217) (-1.333)
Envli\fggﬁgml -0.151 -0.198 0.109 0.007
Score (-0.2) (-0.871) (-0.743) (0.064)
Expense Ratio 0.181 0.203 0.179 0.209 -0.082 -0.069 -0.083 -0.069
(1.176) (1.196) (1.165) (1.227) (-1.036) (-0.602) (-1.051) (-0.594)
] A -0.121* -0.248* -0.125%* -0.248* 0.142%** 0.123* 0.139%** 0.123*
(-2.255) (-2.274) (-2.305) (-2.278) (5.111) (1.987) (4.971) (1.987)
Flows 0.059 0.174* 0.058 0.173* 0.109** 0.090%* 0.109** 0.090%*
(0.808) (2.817) (0.800) (2.309) (2.926) (2.317) (2.914) (2.323)
Fund Size 0.034 0.064 0.033 0.063 -0.017 -0.049 -0.018 -0.049
(0.496) (0.605) (0.475) (0.593) (-0.475) (-1.079) (-0.503) (-1.082)
Fund Volatility -0.040. 0.125 -0.041. 0.124 0.066%** -0.007 0.066*** -0.007
(-1.819) (0.712) (-1.835) (0.708) (5.807) (-0.213) (5.780) (-0.218)
Static Return 1.477%%* 1.461%** 1.477%** 1.460%**
(152.1) (22.55) (152.1) (22.57)
R? 66.379% 67.105% 66.380% 67.107% 1.611% 4.590% 1.574% 4.595%
Adj. R? 66.353% 66.928% 66.351% 66.926% 1.547% 4.087% 1.499% 4.082%
L¢ el Lafffegis No Yes No Yes No Yes No Yes
(Year)
Other fixed effects
(Morningstar
rating,
Ml rEse No Yes No Yes No Yes No Yes
Category,
Sustainability
Rating, Index
Fund)
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Return and Social Scores

2;’;‘;:3;? EXCESS RETURN: EXCESS RETURN: DYNAMIC RETURN: | DYNAMIC RETURN:
Scores only Scores and median Scores only Scores and median
OLS FE OLS FE OLS FE OLS FE
Independent . . . . . . . c
Variables Regression | regression | Regression | Regression | Regression | Regression | Regression | Regression
(1) (2) (3) (4) (5) (6) (7) (8)
Social Score -1.455%** -0.957* -1.573%** -1.266* -0.192 0.006 -0.235 0.162
(-5.793) (-2.169) (-4.542) (-2.311) (-1.486) (0.042) (-1.318) (0.855)
Median Social 0.140 0.349 0.051 -0.716
Score (0.495) (0.987) (0.351) (-1.465)
Expense Ratio 0.164 0.165 0.165 0.165 -0.101 -0.057 -0.100 -0.057
(1.057) (0.966) (1.061) (0.970) (-1.260) (-0.490) (-1.257) (-0.491)
Fund Age -0.034 -0.253%* -0.023 -0.256* 0.160*** 0.126* 0.164%** 0.128*
(-0.568) (-2.885) (-0.357) (-2.351) (5.231) (2.025) (5.018) (2.052)
Flows 0.049 0.173* 0.049 0.175%* 0.109** 0.089* 0.109** 0.088*
(0.670) (2.816) (0.680) (2.352) (2.913) (2.281) (2.920) (2.250)
Fund Size -0.002 0.051 -0.001 0.056 -0.019 -0.048 -0.019 -0.050
(-0.028) (0.482) (-0.016) (0.530) (-0.526) (-1.062) (-0.518) (-1.114)
Fund Volatility -0.040. 0.113 -0.039. 0.115 0.065*** -0.004 0.066*** -0.004
(-1.782) (0.652) (-1.749) (0.663) (5.752) (-0.106) (5.748) (-0.130)
Static Return 1.481%** 1.460%** 1.481%** 1.460%** 0.051 -0.176
(132.8) (22.45) (152.8) (22.45) (0.851) (-1.465)
R? 66.30% 67.10% 66.30% 67.10% 1.60% 4.60% 1.60% 4.60%
Adj. R? 66.30% 67.00% 66.30% 67.00% 1.50% 4.10% 1.50% 4.10%
LBEC e RIS No Yes No Yes No Yes No Yes
(Year)
Other Fixed
Effects
(Morningstar
rating,
Morningstar No Yes No Yes No Yes No Yes
Category,
Sustainability
Rating, Index
Fund)
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Return and Governance Scores

DV‘?:’:;:S;T EXCESS RETURN: EXCESS RETURN: DYNAMIC RETURN: | DYNAMIC RETURN:
Scores only Scores and median Scores only Scores and median
OLS FE OLS FE OLS FE OLS FE
Independent . . . . q . 3 q
Variables Regression regression Regression | Regression | Regression | Regression | Regression | Regression
€)) (2 (3) (4) (5) (6) (7 ®
Governance Score -0.223 0.027 -1.317%%* -0.861 -0.059 -0.093 -0.239 -0.188
(-0.975) (0.077) (-4.039) (-1.595) (-0.500) (-0.789) (-1.424) (-1.024)
Median 1.363%%* 1.126%* 0.224 0.121
Governance Score (4.706) (5.215) (1.505) (0.802)
Expense Ratio 0.318* 0.225 0.275. 0.233 -0.083 -0.069 -0.09 -0.068
(2.062) (1.473) (1.784) (1.513) (-1.049) (-0.581) (-1.158) (-0.575)
Fund Age -0.188%** -0.242% -0.166** -0.213. 0.141%** 0.124* 0.145%** 0.128%*
(-3.531) (-2.232) (-3.103) (-1.933) (5.146) (1.995) (5.259) (2.068)
Flows 0.050 0.173* 0.052 0.175% 0.109** 0.089* 0.109** 0.089*
(0.691) (2.310) (0.716) (2.334) (2.924) (2.284) (2.930) (2.288)
Fund Size 0.013 0.065 0.028 0.079 -0.016 -0.046 -0.013 -0.045
(0.188) (0.625) (0.403) (0.789) (-0.435) (-1.037) (-0.367) (-0.998)
Rl Vol Ay -0.033 0.131 -0.030 0.138 0.066*** -0.005 0.067*** -0.004
(-1.462) (0.731) (-1.357) (0.773) (5.815) (-0.156) (5.844) (-0.134)
Static Return 1.486%** 1.461%** 1.484%** 1.460%**
(1585.4) (22.51) (1585.2) (22.52)
R? 66.195% 67.099% 66.277% 67.152% 1.569% 4.575% 1.593% 4.582%
Adj. R? 66.169% 66.922% 66.247% 66.972% 1.504% 4.072% 1.518% 4.068%
Year Fixed Effect No Yes No Yes No Yes No Yes
Other Fixed
Effects
(Morningstar
rating,
Morningstar No Yes No Yes No Yes No Yes
Category,
Sustainability
Rating, Index
Fund)
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Return and Carbon Scores

%ﬁ:ﬁﬁ;ﬁ EXCESS RETURN: EXCESS RETURN: DYNAMIC RETURN: | DYNAMIC RETURN:
Scores only Scores and median Scores only Scores and median
OLS FE OLS FE OLS FE OLS FE
Independent . . . . . . . q
Variables Regression | regression | Regression | Regression | Regression | Regression | Regression | Regression
(1) (2) 3) (4) (5) (6) (7) (8)
-0.565%** -0.060 -0.342%* 0.131 -0.079. -0.097 -0.155** -0.152
Carbon Score )
(-6.147) (-0.272) (-2.959) (0.511) (-1.679) (-1.260) (-2.585) (-1.579)
Median Carbon 0.810%* 0.704* -0.274%* -0.202
Score (8.115) (2.149) (-2.045) (-1.456)
Expense Ratio 0.181 0.218 0.175 0.229 -0.100 -0.062 -0.098 -0.065
(1.171) (1.803) (1.1588) (1.367) (-1.257) (-0.540) (-1.234) (-0.565)
Fund Age -0.028 -0.24* -0.078 -0.228%* 0.163*** 0.130* 0.180%*** 0.126%*
(-0.465) (-2.195) (-1.270) (-2.105) (5.829) (2.077) (5.682) (1.995)
Flows 0.049 0.173* 0.048 0.171* 0.109** 0.088* 0.109** 0.089*
(0.681) (2.325) (0.656) (2.316) (2.914) (2.251) (2.933) (2.259)
Fund Size 0.017 0.064 0.016 0.054 -0.016 -0.050 -0.016 -0.047
(0.244) (0.609) (0.227) (0.516) (-0.455) (-1.101) (-0.442) (-1.040)
Fund Volatility -0.045% 0.129 -0.049* 0.117 0.065*** -0.006 0.066*** -0.002
(-2.021) (0.733) (-2.193) (0.672) (5.657) (-0.174) (5.747) (-0.070)
Static Return 1.478%** 1.461%** 1.47THF** 1.459%**
(152.1) (22.52) (181.9) (22.56)
R? 66.3% 67.1% 66.4% 67.1% 1.60% 4.60% 1.60% 4.60%
Adj. R? 66.3% 66.9% 66.4% 66.9% 1.50% 4.10% 1.60% 4.10%
Lolieedl ofitegs No Yes No Yes No Yes No Yes
(Year)
Other fixed effects
(Morningstar
rating,
T g No Yes No Yes No Yes No Yes
Category,
Sustainability
Rating, Index
Fund)

Source: Authors’ estimates. Regressions explain various return components: excess return and dynamic return. The key explanatory variable is industry-adjusted sustainability information from MSCI as of the prior month; other
variables include expense ratio, fund age, flows, fund size, fund volatility. Fixed effect, where indicated, add additional controls for the calendar month, Morningstar fund category, Morningstar analyst rating, Morningstar
Sustainability Label, and whether it is an index fund for a given fund. t-Statistics are based on robust standard errors, double clustered at the individual fund and the date level. *** ** and * indicate statistical significance at
the 0.01%, 1%, and 5% level, respectively. The sample covers investment funds invested in European stocks between 2014 to 2021. “FE regression” represents specifications of fixed effects panel regression and “OLS regression”
represents specifications of OLS regression.
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Appendix 4-E: Relationship between alpha and sustainability
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Alpha and Environmental Scores

Dependent ALPHA ALPHA ALPHA
Variables
Scores Only Scores and Median 25%, 50%, 75% Quantile
25% 50% 75%
el OLS . FE . OLS . FE . Quantile Quantile Quantile
Variables Regression | Regression | Regression | Regression FE FE FE
(1) (2) (3) (4) Regression | Regression | Regression
(5) (6) (7)
Environmental -2.046%** -0.290 -1.895%** -0.028 -0.063 -0.089 -0.122
Score (-9.522) (-0.765) (-6.312) (-0.061) (-0.12) (-0.16) (-0.19)
Envl;fsgﬁsmal -0.255 -0.399 -0.205 -0.424 -0.698
Score (-0.723) (-1.162) (-0.67) (-1.20) (-1.40)
Expense Ratio 0.336. 0.363 0.333. 0.376 -0.303 0.191 0.811%*
(1.760) (1.473) (1.745) (1.520) (-1.58) (0.90) (2.79)
Fund Age -0.190** -0.461%** -0.196%* -0.462%** -0.542%%* -0.320. -0.041
(-2.842) (-3.746) (-2.912) (-3.751) (-8.58) (-1.78) (-0.19)
Flows 0.044 0.249%** 0.043 0.247*** 0.054 0.073 0.098
(0.485) (4.159) (0.473) (4.133) (0.79) (1.15) (1.39)
Fund Size 0.111 0.134 0.109 0.131 0.070 0.080 0.094
(1.288) (0.916) (1.260) (0.902) (0.62) (0.60) (0.53)
Fund Volatility -0.0578% 0.247 -0.0585* 0.246 -0.102 -0.067 -0.022
(-2.102) (0.809) (-2.124) (0.805) (-1.22) (-0.67) (-0.19)
R? 1.561% 5.600% 1.566% 5.613% - - -
Adj. R? 1.496% 5.103% 1.500% 5.106% - - =
e o No Yes No Yes Yes Yes Yes
(Year)
Other fixed effects No Yes No Yes Yes Yes Yes
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Alpha and Social Scores

Dependent ALPHA ALPHA ALPHA
Variables
Scores Only Scores and Median 25%, 50%, 75% Quantile
25% 50% 75%
Independent OLS . FE - OLS . FE - Quantile Quantile Quantile
Variables Regression | Regression | Regression @ Regression FE FE FE
(D) (2) (3) (4) Regression | Regression | Regression
(5) (6) (7)
Social Score -2.107¥** -1.225. -2.240%** -1.555. -0.445 -0.586 -0.764
(-6.757) (-1.733) (-5.203) (-1.887) (-0.75) (-0.82) (-0.77)
Median Social 0.158 0.371 -0.292 -0.258 -0.214
Score (0.449) (0.813) (-1.03) (-0.70) (-0.38)
g Bty 0.347. 0.309 0.348. 0.309 -0.360. 0.127 0.738%*
(1.796) (1.243) (1.799) (1.248) (-1.94) (0.60) (2.51)
Fund Age -0.077 -0.470%** -0.065 -0.473%** -0.496%** -0.264. 0.028
(-1.044) (-3.840) (-0.819) (-5.883) (-3.85) (-1.68) (0.14)
Flows 0.029 0.247%%* 0.030 0.250%** 0.052 0.071 0.095
(0.320) (4.165) (0.329) (4.248) (0.75) (1.08) (1.31)
Fund Size 0.053 0.117 0.054 0.122 0.055 0.066 0.079
(0.617) (0.817) (0.627) (0.861) (0.54) (0.52) (0.45)
Fund Volatility -0.054. 0.231 -0.053. 0.233 -0.102 -0.067 -0.023
(-1.958) (0.767) (-1.928) (0.774) (-1.25) (-0.69) (-0.19)
R? 1.079% 5.708% 1.081% 5.719% - - -
Adj. R? 1.014% 5.211% 1.005% 5.212% - = =
LTIEEEG LEhiTos No Yes No Yes Yes Yes Yes
(Year)
Other fixed effects No Yes No Yes Yes Yes Yes

Source: Authors’ estimates. Regressions explain security selection alpha. The key explanatory variable is industry-adjusted sustainability information from MSCI as of the prior month; other variables include expense ratio, fund
age, flows, fund size, fund volatility. Other fixed effects, where indicated, add additional controls for the calendar month, Morningstar fund category, Morningstar analyst rating, Morningstar Sustainability Label, and whether it
is an index fund for a given fund. t-Statistics are based on robust standard errors, double clustered at the individual fund and the date level. *** ** * and . indicate statistical significance at the 0.01%, 1%, 5% and 10% level,
respectively. The sample covers investment funds invested in European stocks between 2014 to 2021. “FE regression” represents specifications of fixed effects panel regression, “OLS regression” represents specifications of OLS
regression and “Quantile Regression” represents specifications of fixed-effects quantile regressions at a particular quantile of alpha.
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6 Chapter 2: Do high sustainability ratings

really mitigate Znancial risks?

6.1 Introduction

A plethora of empirical studies on the return potential of sustainable investments has been published,
yet there remains a conspicuous lack of agreement. Broadly speaking, the findings can be categorised
into three groups. Some studies, such as (Filbeck, Filbeck, and Zhao 2019) and (Consolandi et al. 2009),
suggest that ESG investments outperform. Conversely, research by (El Ghoul and Karoui 2017),
indicates that sustainable funds exhibit consistently poorer performance compared to their non-
sustainable counterparts. Lastly, there are studies like (e.g. (Hartzmark and Sussman 2019), which show
that ESG factors do not significantly influence performance, whether positively or negatively. For
example, Hartzmark and Sussman found no evidence that high-sustainability funds outperformed low-

sustainability funds in terms of returns.

In contrast, the relationship between financial risk and ESG appears to enjoy much more consensus (Le
Sourd 2024). Indeed, the intuition behind the connection between sustainability and financial risk seems
manifest. If risk is deemed to be any form of uncertainty and ESG concerns addressing the impact of
corporate activities and behaviour on stakeholders, then it would be logical to hypothesise a direct
association between how companies handle relevant sustainability topics and their impact on risk.
Equally, it follows that companies neglecting to manage their ESG exposures adequately may expose
themselves to higher financial risks than their more ESG-conscious peers. This hypothesis can be
illustrated with simple examples. If a firm does not have stringent governance controls and procedures,
it may be more prone to corporate scandals, leading to a loss of confidence in the company and even its
demise. Similarly, if a firm emits high levels of carbon emissions from its manufacturing activities and
does not pay due regard to it, it may be more susceptible to future legislation that might impose a
carbon tax or a consumer boycott that interrupts its activities. All the events described so far only
represent some of the issues that can afflict the performance of a company if material ESG issues are
not appropriately handled, leading to a potential loss of profit and firm value. Though the timing of

these events and the magnitude of the impact may be uncertain.

The sporadic occurrence of these events, coupled with the difficulty in modelling potential outcomes,
suggests that the risks associated with ESG exposures may not be fully captured by traditional risk
measures. Insofar as ESG does reflect some dimension of risk, there should be some correlation between
ESG scores and traditional risk measures. While some research has examined the link between ESG and

financial risk, most of it focuses on active funds or indices rather than individual stocks (e.g. (Hoepner
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2010)). The limited studies that analyse the effect of ESG on stocks may produce misleading results due
to inadequate control for endogeneity issues. Indeed, empirical research in finance is often fraught with
significant challenges related to endogeneity, as it is typically difficult to identify exogenous factors or
natural experiments that can accurately establish the relationships being studied. If endogeneity is not
properly addressed, the implications for the usefulness of empirical work can be substantial, resulting in
biased and inconsistent parameter estimates that render reliable inferences virtually impossible(Roberts
and Whited 2013). In this paper, the principal objective is to ascertain whether equities with superior
ESG scores exhibit a reduced financial risk profile, while simultaneously addressing the endogeneity
concerns that previous analyses have left unresolved. The investigation focuses on total risk, stock-
specific risk, and historical market beta. These metrics are estimated using the Axioma Fundamental
Equity Risk Model, a tool widely employed in the financial industry for evaluating and managing equity

portfolio risks, as well as for portfolio construction and risk attribution.

This study seeks to make several contributions to the existing literature. Specifically, our study makes
two key contributions: First, many previous analyses (e.g. (Dunn, Fitzgibbons, and Pomorski 2018))
that link sustainability to risk often overlook temporal dynamics and endogeneity, which can introduce
significant bias. We address this by employing an instrumental variable approach alongside panel fixed-
effects regression, applying these methods to more recent data. This enables a clearer distinction between
genuine ESG-driven risk mitigation and spurious correlations caused by omitted variables. This
methodological advancement is a central contribution of our work. Second, we explore how the
relationship between sustainability and risk varies across the extreme ends of the risk distribution, as
well as during tail risk events like the COVID-19 pandemic, and we also examine the relationship
between sustainability and future risk over a one-year horizon. By integrating these dynamic and
forward-looking analyses, we provide novel insights into how ESG factors impact company-level financial

risk.

The motivation for this chapter is to address a critical gap in the literature by exploring how and
whether ESG factors influence company-level financial risk—particularly by tackling endogeneity
concerns—thereby shedding light on risk management practices that have been largely overlooked. This
focus is driven by the need to improve upon prior studies that did not adequately account for the
dynamic nature of risk. In this chapter, we focus specifically on ESG and equity-level risk for two main
reasons. First, while Chapter 1 employed Andrew Lo’s Active—Passive Decomposition to examine how
ESG factors influence European mutual fund returns—and relied on passive factor building blocks to
replicate fund exposures—risk was not its central focus. By shifting from fund-level returns to individual
companies, we directly assess company-level risk, free from confounding factors such as manager skill,
fees, or style tilts. Second, broadening the geographic scope to include the United States, Developed

Markets excluding the United States, and other Developed Markets allows us to test whether the ESG—
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risk relationships suggested in the European context extend across diverse regulatory, cultural, and
economic environments. While some of the fundamental factors used as control variables resemble those
embedded in the prior chapter’s passive replication approach, this study more explicitly concentrates on
company-level risk measures—namely market beta, stock-specific risk, and total risk—to provide a more
granular perspective of how ESG quality may influence volatility, idiosyncratic threats, and systematic

exposures in a global setting.

The structure of this paper is as follows: Section 2 provides an overview of the literature. Section 3
presents the theoretical framework and hypotheses. Section 4 describes the data used in the analysis,
while Section 5 presents the descriptive statistics. Section 6 details the methodology, followed by Section

7, which discusses the empirical results. Finally, Section 8 concludes with investment implications.

6.2 Literature Review

The nexus between sustainability and risk is widely acknowledged. (Hoepner 2010) contends that ESG
investments offer diversification benefits due to the lower firm-specific risks in high ESG-rated
companies, based on global equity data comparing ESG-screened portfolios with unscreened ones—
which exhibit reduced idiosyncratic risk. However, his study omits dynamic volatility factors (e.g. lagged
risk), potentially introducing endogeneity biases. Similarly, (De and Clayman 2015) find a robust inverse
correlation between ESG ratings and stock return volatility across multiple industries using cross-
sectional regressions; yet their analysis is contemporaneous and excludes lagged volatility, possibly

overstating ESG’s impact on current risk.

While many studies examine ESG-risk linkages at the fund or index level, such an approach may obscure
individual stock dynamics. (Dunn, Fitzgibbons, and Pomorski 2018) and (Lo6f and Stephan 2019)
investigate the ESG-risk relationship at the single-stock level. Dunn et al. (2018) construct firm-level
portfolios for U.S. equities, demonstrating that higher ESG ratings correlate with lower total volatility,
downside deviation and value-at-risk—even after controlling for size and style—using a factor model
and panel regressions. Loof and Stephan (2019) utilising European panel data, reveal a negative
relationship between ESG and tail risk, particularly during volatile phases; however, they too do not

fully incorporate lagged volatility, which may fail to capture risk persistence.

Most studies do not address the endogeneity arising from omitting lagged volatility—a dynamic
characterised by autocorrelation and risk clustering—potentially leading to misleading coefficients, as

the ESG variable might merely capture prior low-volatility regimes rather than a true causal effect.
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(Pedersen, Fitzgibbons, and Pomorski 2021) argue that ESG scores reflect firm fundamentals (e.g.
operational efficiency, risk management practices and governance quality) that influence long-term
stability. (Giese et al. 2019) further distinguish between idiosyncratic and systematic risk channels,
suggesting that robust ESG can reduce exposure to market shocks and firm-specific adverse events (see

Exhibit 13).

Exhibit 13 Company-specific risk channel according to (Giese et al. 2019)

Better risk Lower risk of
management severe incidents

Strong ESG profile

Endogeneity remains a key concern in ESG-risk research, with studies often facing omitted variable
bias, reverse causality and spurious correlations—particularly when lagged risk (with its autocorrelation
and clustering) is omitted. Seminal works by (Arellano and Bond 1991) and (Blundell and Bond 1998)
demonstrate that omitting lagged dependent variables in the presence of persistent volatility yields
biased results. Our approach mitigates this by incorporating a single lagged risk variable via an

instrumental variable method.

A closer look at these prominent studies underscores a common methodological gap. (Hoepner 2010)
relied on a static cross-sectional setup, so lower volatility in ESG-screened portfolios might partly reflect
pre-existing risk profiles. (De and Clayman 2015) similarly adopted cross-sectional regressions without
controlling for lagged volatility, making it difficult to separate a genuine ESG effect from prior low-
volatility trends. Dunn, Fitzgibbons, and Pomorski (2018) employed factor models and panel regressions
but did not introduce a lagged dependent variable, raising endogeneity concerns if volatility clustering
drives both ESG adoption and subsequent low risk. (Lo6f and Stephan 2019) addressed tail risk in
European firms yet also omitted lagged volatility, which may capture persistent regimes of stability or
turmoil. Consequently, many findings linking ESG to lower volatility might partly be attributing
historical market calm to ESG credentials, rather than establishing a clear causal link. By using a
dynamic panel approach and instrumental variables, we seek to sidestep these pitfalls and more reliably

isolate ESG’s role in mitigating risk.

Although some studies suggest that ESG factors may attenuate tail risks, few explicitly test extreme
outcomes (e.g. value-at-risk, expected shortfall or implied skewness) while accounting for the dynamic
nature of risk. (Zhang, De Spiegeleer and Schoutens 2021) show that high-ESG firms exhibit lower
implied volatility and less negative skewness, while (Bax et al. 2023) utilise vine copula modelling to
document reduced tail dependencies during the 2008 financial crisis. Nonetheless, the role of lagged risk

in tail events remains underexplored. Our research examines tail risk via quantile regression across
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different risk segments and during COVID-19, capturing risk clustering and conditioning on past

volatility within a dynamic framework.

In all, although evidence suggests that ESG can mitigate financial risk, many studies neglect lagged
volatility, potentially overstating ESG’s direct effect. Our study addresses this gap by incorporating
lagged volatility into a dynamic framework, thereby isolating the true impact of ESG on current risk
profiles and providing clearer insights for investors, policymakers and researchers—particularly in the

context of extreme events such as the COVID-19 pandemic.
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6.3 Theoretical framework and hypotheses

ESG performance is posited to affect financial risk via multiple transmission channels. Firms with robust
ESG integration exhibit superior corporate governance, regulatory compliance, and strategic risk
management, thereby reducing exposure to financial volatility and exogenous shocks. A comprehensive
ESG framework enhances transparency, stakeholder relations and resource efficiency, mitigating both
firm-specific and market-wide risks. A principal challenge in establishing a causal ESG-risk relationship
is addressing endogeneity stemming from volatility clustering and regime persistence. This study
employs instrumental variables for lagged risk to control for these effects, ensuring that our estimates
capture the genuine impact of ESG on risk. Better governance reduces agency costs, curbs managerial
opportunism, and strengthens financial oversight, thus lowering risk exposure across multiple
dimensions. (Giese et al. 2019) find that firms with robust ESG performance exhibit lower return
volatility and greater resilience to adverse market conditions, while (Dunn, Fitzgibbons and Pomorski

2018) emphasise that governance, in particular, is critical in mitigating financial instability.

Bridging gaps in the literature, this study examines both composite ESG scores and individual ESG
dimensions, including carbon scores, to analyse the relationship between ESG and financial risk while
addressing endogeneity concerns that may have confounded earlier studies. Specifically, the analysis
considers total risk (overall volatility), idiosyncratic (stock-specific) risk, and market risk (beta),
exploring the mechanisms by which sustainability practices shape a firm’s risk profile. Unlike prior
studies that may neglect risk persistence, our research controls for volatility clustering and regime
dependence using instrumental variables for lagged risk, ensuring a more robust evaluation of ESG’s

risk-mitigating effects.

The analysis begins with an assessment of the impact of composite ESG scores and their individual
dimensions—including carbon scores—on total risk. Firms that integrate sustainability into their
corporate strategy typically experience lower operational uncertainty, reduced litigation risk, and
improved capital efficiency, which collectively contribute to diminished overall volatility. This supports
the premise that sustainability practices enhance financial stability by mitigating exposure to regulatory,
reputational and operational risks. In particular, firms with high governance scores exhibit lower total
risk as enhanced board oversight diminishes the likelihood of financial mismanagement, curbs excessive
risk-taking, and ensures regulatory compliance. Governance-driven risk controls help firms avert crises
arising from weak internal controls or opaque reporting structures. For instance, (Beasley, Clune and
Hermanson 2005) found that effective risk governance structures maximise shareholder value by reducing

organisational risk, thereby lowering the cost of capital.
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Subsequently, the analysis turns to idiosyncratic risk, examining the role of both composite ESG scores
and individual ESG dimensions. Strong environmental performance can mitigate firm-specific risks by
lowering exposure to regulatory penalties, climate liabilities, and resource scarcity shocks. Similarly,
robust social performance—evidenced by fair labour practices, effective stakeholder engagement and
sustainable supply chain management—reduces exposure to reputational damage and operational
disruptions. Governance mitigates idiosyncratic risk by reducing information asymmetry, enforcing
financial discipline, and ensuring management accountability. Firms with independent boards,
transparent reporting and well-structured shareholder rights are expected to experience fewer
governance-related shocks, thereby reducing firm-specific volatility. Moreover, enhanced governance
bolsters investor confidence, dampening speculative trading and stabilising stock price fluctuations. For
example, (Alzayed et al. 2024) found that effective corporate governance mechanisms are associated

with reduced risk-taking in financial institutions, thus lowering idiosyncratic risk.

Finally, the study examines the relationship between ESG performance and market risk (beta). Firms
with higher ESG scores—particularly those excelling in governance and carbon transition strategies—
are better positioned to navigate macroeconomic and sector-wide shifts. Superior sustainability
credentials act as a hedge against systemic risks, reducing a firm’s sensitivity to market-wide
fluctuations. By incorporating instrumental variables for lagged risk, the study accounts for persistent
risk dynamics that might otherwise bias estimates of the ESG—market risk relationship. (Gompers, Ishii
and Metrick 2003) find that firms with robust governance structures display lower exposure to
macroeconomic shocks, while (La Porta et al. 1998) demonstrate that well-managed firms typically have
lower capital costs and reduced earnings volatility. Moreover, firms with low carbon intensity may
encounter diminished risks from regulatory tightening, carbon taxation and climate-related market

repricing, further supporting the expectation that effective ESG integration reduces market risk.

The transmission mechanisms described above suggest that firms with superior ESG performance should

experience lower total, idiosyncratic and market risks. Accordingly, we propose the following hypotheses:

1. Total Risk Hypothesis: Firms with stronger sustainability credentials maintain lower total
risk (volatility) due to improved operational stability, regulatory compliance, and risk
management integration. This relationship is tested both on average and during extreme risk

events, including COVID-19 and periods of heightened volatility.

2. Idiosyncratic Risk Hypothesis: Firms with stronger sustainability performance face lower

stock-specific risk due to reduced exposure to firm-specific disruptions and governance failures.
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The analysis tests whether this effect holds on average and in extreme firm-specific risk

scenarios, such as financial crises and high quantiles of the risk distribution.

3. Market Risk Hypothesis: Firms with higher sustainability scores demonstrate lower market
beta due to superior strategic oversight, enhanced resilience to macroeconomic shocks, and
reduced exposure to carbon transition risks. This hypothesis assesses whether the risk-reducing
effect of ESG persists across normal market conditions and extreme systemic risk events,

including COVID-19 and high-volatility periods.

6.4 Data used in the analysis

The primary objective of this analysis is to evaluate the relationship between sustainability and

contemporaneous risk dimensions across various geographical regions.

6.4.1 Stock data

The stock universe for this analysis is derived from the MSCI World, MSCI World ex-US, and S&P 900
indices. As of July 2024, the MSCI World index includes 1,430 constituents, capturing large- and mid-
cap companies across 23 developed markets and covering 85% of the free float market capitalisation.
The MSCI World ex-US index represents 22 developed markets, excluding the US, and comprises 829
constituents, covering approximately 85% of the free float market capitalisation in each country. The
S&P 900 index encompasses both the large-cap and mid-cap segments of the US equity market, including
the S&P 500 and S&P 400 indices.

1. FESG data

The ESG data utilised in this analysis is sourced from MSCI and assessed at the stock level. MSCI's
ESG data coverage includes 8,500 companies and more than 680,000 equity and fixed-income securities
globally, rated across environmental, social, and governance pillars. These pillars encompass ten
sustainability themes and 35 ESG key issues, aimed at evaluating a company’s resilience to long-term,
financially relevant ESG risks and opportunities. In the environmental pillar, the focus is on themes
such as climate change, carbon emissions, natural capital, pollution and waste, and environmental
opportunities. The social pillar covers themes like human capital, product liability, stakeholder
opposition, and social opportunities. The governance pillar focuses on corporate governance and

behaviour.
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To determine a final ESG rating for a company, the weighted average of individual environmental and
social key issue scores, along with the governance pillar score, is computed and normalised relative to
industry peers. Known as the Industry-Adjusted Score (IAS), this final rating ranges from 0 to 10, where
scores vary from the lowest sustainability (0) to the highest (10). The assessments of a company's ESG
performance are intended for comparative purposes against industry peers rather than absolute

measures.

This research additionally evaluates carbon scores, which are normalised relative to industry peer
footprints. This methodology rewards companies that implement low-carbon technologies and penalises
those that exploit regulatory variances to their advantage. The carbon scores are graded on a scale from

0 (the weakest) to 10 (the strongest).

The carbon scores used in this analysis are derived from the climate change theme score of the
environmental pillar of the MSCI ESG Industry-Adjusted Scores. This theme score, varying from 0 to
10, evaluates various dimensions of a company’s response to climate change, including carbon emissions
management, energy management, renewable energy usage, climate change policies and commitments,

climate risk management, and climate opportunities, among others.

2. Fstimation of risk measures

This study estimates equity risk using the Axioma Fundamental Equity Risk Model, which is widely!'4
employed in the finance industry for managing equity portfolio risk by integrating both systematic and
idiosyncratic components. Systematic risks stem from broad market influences such as country and
industry exposures, as well as style factors including momentum, value, and volatility, while idiosyncratic

risks are stock-specific and unexplained by these broader factors.

While total volatility can be decomposed using simpler frameworks, such as the Fama-French three-
factor model—which attributes risk to market, size, and value factors, with residual standard deviation
as a proxy for idiosyncratic risk—Axioma extends this approach. It incorporates a more granular set of
factors, including additional style, industry, and country classifications, offering a more comprehensive
risk decomposition. This richer factor structure enhances the attribution of both systematic and residual
risks, providing more precise visibility into what drives a stock’s volatility. As noted by Grinold and
Kahn (2000), factor-based models provide a sophisticated framework that not only decomposes risk into
its systematic and idiosyncratic components but also enhances the understanding of the risk-return

trade-off essential for superior portfolio construction.

"“https://www.prnewswire.com/news-releases/axioma-risk-recognized-as-best-buy-side-risk-
management-solution-by-risknet-for-second-consecutive-year-301485103.html
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A key reason for selecting Axioma over a simple volatility measure is its ability to distinguish between
systematic and idiosyncratic risk. Unlike standard deviation, which aggregates all sources of volatility,
Axioma’s factor-based framework enables more precise identification of risk exposures, facilitating more
targeted portfolio adjustments. Additionally, Axioma is widely adopted by institutional investors,
aligning with the methodologies used in professional risk management. Its factor-based approach reflects
how portfolio managers construct and monitor risk, ensuring consistency with industry practices. The
model’s detailed factor breakdown and broad market coverage enhance its applicability in multi-asset

and global equity portfolios.

Axioma also adapts to changing market conditions through its exponential weighting scheme, which
assigns greater weight to recent observations. This approach allows volatility estimates and correlations
to adjust dynamically, in contrast to fixed-window volatility measures that may lag shifts in market
regimes. The model further refines risk estimation through its half-life parameter, which determines the
point at which past observations retain half their initial weighting, ensuring that historical data informs

risk assessments without overwhelming recent dynamics.

Nevertheless, factor models like Axioma have limitations. They require substantial data inputs and are
inherently more complex than simple volatility measures. Their proprietary nature may also reduce
transparency for some users. Conversely, a standard deviation-based approach is computationally
straightforward and easily interpretable, though it lacks the granularity needed for advanced portfolio
risk management. The Axioma model employs regression techniques to estimate each stock’s sensitivity
to systematic factors, providing a more nuanced risk decomposition than traditional volatility measures.
The covariance matrix, a critical component, captures factor interactions and portfolio-wide risk
structure. By incorporating a dynamic weighting approach, Axioma ensures that risk estimates remain

statistically robust while adapting to market shifts.

The Axioma model is extensively used for portfolio construction, risk attribution, and performance
analysis, enabling investment managers to align portfolios with specific risk-return objectives while
maintaining control over factor exposures. Additionally, it plays a pivotal role in designing effective
hedging strategies to mitigate identified risks. In the context of this study, Axioma’s factor-based
decomposition allows us to separately measure total, systematic, and idiosyncratic risk components,

which is crucial for analysing how ESG characteristics may differentially influence each dimension.
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6.5 Descriptive Statistics

0.5.1 Description of data and summary statistics

To begin, we present an overview of the main statistics of our dataset in Exhibit 14, which encompasses
many of the variables utilised in the subsequent analyses. This overview aims to provide preliminary
insights into the potential relationship between sustainability information and various forms of financial
risk. We achieve this by sorting our universe of stocks into ESG quintiles on a monthly basis from 2014
to 2024 and calculating averages of fundamental and other statistical information for stocks within these
quintiles. This approach offers a broad overview of the typical characteristics of the stocks in each
quintile. Furthermore, we present information on the differences between the best and worst ESG

quintiles and their corresponding t-statistics.

From Exhibit 14, we observe that stocks with poorer ESG scores (i.e., those in the higher quintiles) tend
to achieve higher returns, although the t-statistics suggest that this difference may not be statistically
significant. Conversely, the risk profile reveals an inverse pattern: the better ESG quintiles incur lower
total risk, idiosyncratic risk, and market beta, with these risk measures progressively and monotonically

increasing across the quintiles. Exhibit 15 illustrates how different risk metrics evolve over time.

In terms of fundamental characteristics, the patterns observed across the quintiles do not display a
universally clear trend across all variables. Notably, better ESG quintiles exhibit higher dividend yields,
return on equity, and cash profitability compared to their lower ESG counterparts. Additionally, these
better ESG quintiles have lower debt-to-enterprise value and asset growth than the worse ESG quintiles,
with the t-statistics generally supporting these relationships. However, there appears to be no strong

relationship between average market capitalisation and ESG scores.

Turning to the regional universes, we observe a comparable pattern where the worse ESG quintiles earn
a higher return but also incur higher risk than the better ESG quintiles, consistent for both US and
World ex-US universes. Correspondingly, better ESG quintiles also have stronger fundamental
characteristics, including higher dividend yield, higher return on equity, higher cash profitability, and
lower debt-to-enterprise value ratios. For details of the analysis for other regions, refer to Appendix 5-

A.
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Exhibit 14 Characteristics of MSCI World Stocks by ESG Quintiles and Differences

Between the First and Fifth Quintiles

Q1

(best ESG)
Risk-return metrics
Annual Return 6.39
Total Risk 26.55
Stock-speci/c risk 18.58
Market beta 0.98

Fundamental characteristics

Market cap (USD 34.92
billion)

ROE 25.92
Dividend Yield 2.72
Cash pro/t 29.66
Asset growth 7.23
Debt-to- 23.30

enterprise value

Q2

27.59

19.89

1.01

32.68

22.68

2.48

28.89

8.45

25.01

Q3

7.01

27.98

20.41

1.02

32.42

17.27

241

28.63

9.83

24.55

Q4

8.20

28.39

20.99

1.02

35.49

25.29

2.04

28.95

10.49

24.72

Q5
(worst ESG)

7.98

29.77

22.47

1.04

35.45

14.68

1.88

28.77

11.28

24.70

Q5-Q1

0.54
(-0.301)
-11.27
(2.027)
-0.84
(25.481)
-0.89
(3.816)
4.05
(-11.812)
1.40
(-5.202)

Source: Authors’ estimates, FactSet. Monthly data from January 2014 to June 2024. Numbers in parentheses represent the t-

statistics comparing the best and worst quintiles.

Exhibit 15 Differences in Risk Metrics Over Time Between the First and Fifth ESG

Quintiles
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(a) Risk metrics of best (Q1) and worst (Q3) portfolios sorted by ESG
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Source: Authors’ estimates, FactSet, Axioma. Monthly data from January 2014 to June 2024.

6.6 Analysis Methodology

To analyse and quantify the associations between sustainability factors and risk dimensions across

stocks in multiple geographical regions, the following methodology, as summarised in the diagram

below, has been adopted (see Exhibit 16)

Exhibit 16 Analysis methodology to study the relationship between ESG ans risks

Examine the relationship between
sustainability factors
and risk on average

Y

Association between

as well as across the risk spectrum
(quantile regression)

Examine if better sustainability

sustainability factors
and stock risk

Y

performance mitigated the effects
of COVID-19

Examine if current sustainability
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Specifically, we re-evaluate the relationship between risk dimensions and sustainability factors,
considering both composite and individual ESG scores across different regions. This assessment employs
a range of regression methods, some of which are more commonly utilised than others, to determine the
general (average) relationship between risk and sustainability. This analysis is further enriched by the
application of quantile regression, focusing on various segments of the risk distribution spectrum. The
subsequent investigation examines whether companies with stronger sustainability credentials were
better able to mitigate the adverse impacts of COVID-19. Finally, the analysis explores the predictive

power of current sustainability scores in forecasting future risks.

0.0.1 Specifications of regression analyses

Commencing with a simple linear regression model (Specification A) offers a foundational analysis of
the direct association between the variables. The subsequent introduction of fundamental variables
within a multiple regression framework (Specification B) aims to better isolate the distinct impact of
sustainability information by controlling for additional covariates, thereby mitigating the risk of omitted
variable bias. In Specification C, the inclusion of fixed effects addresses unobserved, time-invariant
characteristics, further refining the robustness of the analysis. However, many prior studies fail to
account for endogeneity concerns, particularly the persistence of risk through lagged effects and volatility
clustering. The omission of past risk measures in ESG-risk regressions may lead to biased coefficients
and spurious relationships, misrepresenting the actual influence of sustainability factors on financial risk.
Specification D enhances this approach even further by incorporating a lagged risk variable, which
accounts for temporal dependencies and mitigates endogeneity concerns, thereby clarifying how
historical risk influences current outcomes. Finally, Specification E applies dynamic fixed effects in a
quantile regression context, enabling an exploration of how the relationship between sustainability and
risk fluctuates across different points of the risk distribution. This comprehensive, multi-specification
methodology ensures a detailed examination, effectively addressing potential biases and revealing the

intricate dynamics underlying the relationship.

Speci/cation A: Simple Linear Regression Between Risk Variables and Sustainability

Variables

In this specification, we examine the association between risk variables—specifically, current total risk
(Total Risk), current stock-specific risk (Stock Specific Risk), and current beta (Market Beta)—and
sustainability information, including ESG scores, and the individual environmental (E), social (S),

governance (G), and carbon.
Yie = Bo + B1Xsust.it + €ir
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where: Y; can be Total Risk;, Stock Specific Risk; and Market Beta; (i.e. risk-related metrics, namely the
current total risk, stock-specific risk and market beta), Xsyst; are sustainability variables (e.g., ESG
scores and their individual components as well as the carbon scores), B; is the slope coefficient, B, is the

intercept and ¢; is the error term.

Speci/cation B: Multiple Linear Regression Between Risk Variables, Sustainability

Variables, and Fundamental Variables

This specification is similar to the simple linear regression in Specification A, but includes additional
fundamental variables such as market capitalisation, dividend yield, price momentum, liquidity, return

on equity, asset growth, earnings volatility, and debt-to-enterprise value.

Yie = Bo + B1Xsust it + B2X1ie + - + BieXiie + €5

where: Xy;, ..., Xj; are fundamental variables (SIZE, DIVY, PRICE MOM, DVOL, ROE,

ASSET GROWTH, EARN_ VOL, DEBTEV). Fundamental variables are defined as follows: SIZE
represents the logarithm of the market capitalisation of the company; DIVY represents the dividend
yield; PRICE _MOM represents the logarithm of price momentum; DVOL represents the logarithm of
liquidity, proxied using the dollar volume; ROE represents the logarithm of return on equity;

ASSET GROWTH represents the logarithm of percentage growth of assets; EARN _VOL represents
the logarithm of earnings volatility; and DEBTEV represents the logarithm of the debt-to-enterprise

value ratio.

Speci/cation C: Static /xed e ects linear regression between risk variables, sustainability

variables and fundamental variables

This specification makes use of the static fixed effects regression that controls for unobserved
heterogeneity across entities (such as firms, or countries) that is expected to be constant over time. This
model is particularly useful for addressing the issue of omitted variable bias that arises from these
unobserved, time-invariant factors, which traditional multiple ordinary least square regression does not
account for. By incorporating fixed effects, the model effectively removes the influence of these
unobserved variables, further isolating the effect of the independent variables on the dependent variable.
The key assumptions of the fixed effects model include: (1) the unobserved heterogeneity (fixed effects)
is correlated with the independent variables, (2) the error term is uncorrelated with the independent

variables, and (3) there is no perfect multicollinearity among the regressors.
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Two-way error clustering is employed to account for correlation in the error terms that may occur across
two dimensions, such as firms and time periods. This is specifically important when errors are correlated
within clusters (e.g., firms) over time and within time periods across clusters (e.g., firms on the same
date). By clustering standard errors in two dimensions, it is possible to obtain robust standard errors
that correct for these intra-cluster and inter-cluster correlations, leading to more reliable inference. This
method ensures that the standard errors are not underestimated, which could otherwise result in

misleading and erroneous statistical significance of the estimated coefficients.
Yie = Bo + BiXsustie + BoXuie + -+ BXiie + i + A + 8 +ys + €5t

Where: «; is the firm fixed effect, 4; is the month fixed effect, &, is the country fixed effect. y; is the

sector fixed effect. Errors are clustered by firm and date.

Speci/cation D: Dynamic Fixed E~ects Linear Regression Using Instrumental Variables

To Address Fndogeneity

Endogeneity issues pervade the finance literature, and failure to address them can lead to erroneous
inferences, as highlighted by (Wintoki, Linck, and Netter 2012). Typically, instrumental variables are
employed to mitigate these issues, often via dynamic panel generalised method of moments estimators
(e.g., (Arellano and Bond 1991), (Blundell and Bond 2023)) or through a two-stage least squares
approach using instruments for the endogenous variable. The choice of method depends on

computational feasibility and concerns regarding overfitting.

In this specification, we adopt the latter approach by incorporating a lagged dependent variable in a
panel regression. This strategy captures the dynamic nature of the dependent variable by accounting
for its past values—a valuable feature when current states are influenced by previous periods, as is the
case with financial risk metrics. Including a lagged dependent variable explicitly models the persistence

of risk over time, thereby yielding more precise insights into its drivers.

Moreover, risk clustering is widely documented, with seminal works such as (Cont 2001), (Engle 1982)
and (Ferson and Harvey 1991) demonstrating that total risk, market beta, and stock-specific risk exhibit
time-varying volatility where elevated (or subdued) risk levels persist over successive periods. By
incorporating a lagged risk variable, the model directly captures this persistence, thereby reducing the

likelihood of biased estimates when examining the influence of ESG on financial risk.

Nevertheless, this dynamic specification can itself introduce endogeneity. One potential source arises
from omitted variables: unobserved shocks that affect both past and current risk may render the lagged
dependent variable correlated with the error term. If these shocks are serially correlated, standard panel
regressions that assume strict exogeneity become inappropriate, thus necessitating instrumental

variables or GMM-based estimators to avoid biased estimates. The theoretical rationale for including
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lagged risk stems from volatility clustering and serial correlation in financial markets. By recognising
that present risk depends on its recent history, the model captures a realistic feature of risk dynamics
that is well supported by empirical evidence. Nonetheless, the use of a lagged dependent variable is not
without drawbacks. In line with (Achen 2000), including the lag may substantially improve model fit
but could diminish the estimated significance of other regressors, thereby obscuring valid relationships.
More recent research, however, suggests that such trade-offs are acceptable when a strong theoretical or
empirical case supports the dynamic specification. For instance, (Keele and Kelly 2006) contend that
lagged dependent variables are integral to modelling state dependence in political and economic contexts,
and (Roodman 2009) notes that dynamic panel estimations remain valid provided that instruments and
other specification choices are carefully managed. Given the evidence of persistence in risk measures
(e.g., (Cont 2001); (Engle 1982); (Ferson and Harvey 1991)), we contend that this approach is both

theoretically and empirically justified to capture the temporal structure of financial risk.

To address potential endogeneity, we implement the Wu-Hausman test. Should the test indicate
endogeneity, we consider the use of instrumental variables. We then conduct a first-stage F-test to
confirm that our chosen instruments are strongly correlated with the lagged dependent variable. Fixed
effects are incorporated to account for unobserved time-invariant heterogeneity, while standard errors

are clustered by firm and date to accommodate any residual dependence.
Step 1: Add a lagged dependent variable in the panel regression

Yie = Bo + B1Yie-1 + BaXsustic + BrXie + -+ BiXiie + @i + A + 6 +vs + €3t
where: Y;;_; is the first lagged dependent variable.

Step 2: Conduct Wu-Hausman test to verify model endogeneity

The Wu-Hausman test compares the estimates from ordinary least squares and instrumental variables
regressions to determine if there is endogeneity in the model. The null hypothesis posits that the
regressors are exogenous. Rejection of the null hypothesis indicates endogeneity, requiring the use of the
two-stage least squares regression method. To handle endogeneity, it is essential to identify appropriate
instrumental variables. In the initial estimation, two lags are used, and sensitivity analysis is conducted
using instrumental variables with additional lags, consistent with the methodology of (Judson and Owen

1999)'. Only the risk variables have been utilised as instrumental variables.

Step 3: Conduct /rst-stage F-test to ensure instrument strength

15 (Judson and Owen 1999) uses a moderate number of lags, typically ranging from one to two lags, depending on the sample
size and the context of the study. They stress the importance of conducting robustness checks and sensitivity analyses to
determine the optimal number of lags for a given dataset and research question
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This represents the first stage of the two-stage least squares regression. After the first stage, we verify
that the instrumental variable is correlated enough with the initial variable to ensure it is a credible

instrument.
First Stage Regression:

Yie1w = 1o + 1Yy + Mo Xsust ie + T3 Xqie + o+ TXpge + @ + A + 60+ vs + vy

where: Y;;_; is the first lag of the dependent variable and represents the endogenous variable, Y;;_, is the
n-th lag of the dependent variable, used as the instrumental variable. a;, 4;, 8, and y, are fixed effects as

defined earlier, v;; is the error term of the first stage.
Step 4: Conduct second stage of two-staged least squared regression

We then use the predicted values from the first stage regression in place of the endogenous lagged

dependent variable and cluster the errors by firm and date to estimate the regression coeflicients.

Second Stage Regression:

Yie = Bo + B1Yie—1 + BoXsustic + BsXvie + -+ BiXuie T+ i + A + 6 +vs + €t

Where: Y,;_, are the predicted values of the n-th lagged dependent variable from the first stage.

Speci/cation E: Dynamic Fixed E~ects Quantile Regression Using Two-Stage Least

Squares for Instrumental Variables

The dynamic quantile fixed effects regression is a statistical method that estimates conditional quantile
functions in panel data models, accounting for individual heterogeneity. Unlike standard mean regression
techniques, quantile regression provides a more comprehensive analysis by estimating the effects of
covariates at different points in the conditional distribution of the dependent variable. This approach is
particularly instrumental for understanding the impact of variables across various percentiles, especially

in the presence of heteroskedasticity or outliers.

Akin to dynamic fixed effects regression, a lagged dependent variable is included to account for
persistence and temporal dynamics. However, while dynamic fixed effects regression captures the average
effect of the covariates, quantile fixed effects regression focuses on distributional impacts, providing a
more comprehensive understanding of relationships at different quantiles. This method is based on the

work of (Machado and Santos Silva 2019).
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In this specification, the model setup is comparable to that of dynamic fixed effects regression, except
that we examine different percentiles (25%, 50%, and 75%). The second stage regression is detailed as

follows and as before, errors are clustered by firm and date:

Second Stage Regression:

Qr(yit | XSUST_L'tJ Xit: a;, At' 50! YS)
= Bor + BrcYie—1 + BoXsust it + BacXaie + -+ + BreXkie + Qie + Aie + 8ce + Vst + €iee

where € ; is the error term of the second stage for the quantile. Errors are clustered by firm and date.

This formulation ensures that the quantile fixed effects regression captures the distributional
characteristics of the data, offering a nuanced understanding of the effects of covariates at different

quantiles of the dependent variable's distribution.
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6.7 Empirical Analysis

0.7.1 Average relationship with ESG

Upon reviewing Exhibits 14 and 15 (shown earlier), the average relationship between sustainability
information and financial risks appears robust, corroborated by similar findings in other studies.
Companies in the top ESG quintile (Q1) exhibit significantly lower risk—whether measured as total
risk, idiosyncratic risk, or market beta—compared to those in the bottom quintile (Q5) within the MSCI
World universe. However, the results presented in Exhibit 17 reveal a more nuanced and complex

relationship between sustainability and risk.

In the context of total risk, the introduction of additional control variables causes the relationship
between ESG and risk to fluctuate, initially shifting from negative to positive, and then reverting to
negative across the first three regression specifications. In the third specification, which employs a linear
fixed-effects model, the relationship turns negative when fundamental variables are accounted for. These
variables include size, dividend yield, liquidity, cash profitability, ROE, asset growth, earnings volatility,
and debt-to-enterprise value, following frameworks similar to those established by (Dunn, Fitzgibbons,
and Pomorski 2018) and (Brennan, Chordia, and Subrahmanyam 1998). The results from the initial
three specifications in Exhibit 17 demonstrate that the inclusion of additional control variables
substantially reduces the statistical significance of the ESG variable. This suggests that the observed
relationship between ESG and risk in earlier specifications may have been confounded by omitted
variables. Notably, when the lagged risk variable is incorporated into the fourth specification for total
risk, the relationship between ESG and total risk becomes statistically and economically insignificant,

as indicated by a low t-statistic (-1.113) and a tenfold reduction in the ESG coefficient to -0.022.

The decline in the absolute significance of the ESG variable not only suggests its insignificance but is
also evident when comparing the magnitude of the coefficients of the other control variables, which are
often orders of magnitude higher than the ESG coefficient. Moreover, the statistical significance and
magnitude of the t-statistic for the lagged risk variable (27.668) suggest that its omission—whether
explicit or implicit, as is common practice—likely contributes to the distortion of regression results.
Additionally, the use of instrumental variables for the endogenous variable (i.e., lagged risk) in this
specification, based on a two-stage least squares approach, provides stronger evidence of causality—or
lack thereof—than the previous three regression specifications. Put differently, it appears that some of
the economic and statistical significance of ESG in relation to risk has been supplanted by the lagged
(past) risk variables from Specification 3 to Specification 4, and that the current risk profile is explained

to a much greater extent by past risk variables.
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As for stock-specific risks in the MSCI World universe, the initial three regression models consistently
reveal a negative relationship between ESG factors and risk. That said, incorporating additional control
variables precipitates a significant reduction in the t-statistic of the ESG coefficient, decreasing from -
50.03 to -1.822. This change suggests a shift from a highly statistically significant negative relationship
to a marginally significant one. The economic significance, as indicated by the magnitude of the ESG
coeflicient, also diminishes considerably. A parallel pattern emerges in the regression analysis of market
beta and ESG in Specifications 9-12. Despite the inclusion of the lagged risk variable in Specification
12, the statistical significance remains robust. Nevertheless, the economic significance appears dubious,

as the coefficient is minimal at -0.001.

Turning now to the regional universes, consistent with the MSCI World universe previously analysed,
the inclusion of the lagged risk variable as a control has diminished both the statistical and economic
significance of the ESG variable across all regression specifications, irrespective of the risk variables
considered. For the World ex-US universe, ESG shows some statistical significance for total risk and
stock-specific risk, with coefficients of -0.043 and -0.019, respectively, while it is highly significant for
market beta, reporting a coefficient of -0.001 (see Exhibit 18). In all instances, the economic significance
remains minor. Contrastingly, within the US stock universe, ESG is not statistically significant for either
total risk or stock-specific risk, with market beta displaying only some statistical significance. As with
previous cases where statistical significance was observed, the economic significance remains marginal,

at -0.001(see Exhibit 19).

These overall relationships are supported by a robustness analysis, wherein additional lags—specifically
lags 3, 4, and 5—are incorporated into the regression analysis as instrumental variables for the lagged
risk variables. By rigorously addressing volatility persistence and potential endogeneity, our approach
differs from much of the prior literature, which commonly relies on static models without fully capturing
the dynamic nature of risk. Notably, within the World ex-US universe, ESG demonstrates a significant
negative relationship with total risk and stock-specific risk across all lags, with significance increasing
as longer lags are introduced, both in statistical and economic terms. The strengthening of coefficients
with extended lags reinforces the validity of the initial findings and indicates that risk variables lagged
further back in time are indeed relevant and appropriately linked to ESG. However, it should be noted
that while the economic significance is more pronounced, it remains modest. In contrast, within the US
universe, the relationship between ESG and risk appears unconvincing, both statistically and

economically.
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0.7.2 Average Relationship with ESG Dimensions and Carbon Scores

In accordance with the findings on the composite ESG scores above, the incorporation of the lagged risk
variable in the dynamic fixed effects panel regression significantly reduces the economic and statistical
significance of individual ESG dimensions and carbon scores. Generally, their significance is minimal or

non-existent, contingent upon the specific sustainability dimension examined.

An analysis of MSCI World universe stocks indicates that environmental scores have marginal statistical
significance at the 10% level, suggesting a slight potential reduction in total risk. Conversely, Social,
Governance, and Carbon scores do not exhibit statistical significance. Notably, environmental scores
also show stronger statistical significance in relation to idiosyncratic risk, as do governance scores, both
demonstrating a negative relationship with stock-specific risk, significant at the 5% level, with
coefficients of -0.016 and -0.019, respectively. Governance scores also reveal a negative association with
market beta, although with marginal statistical significance at the 10% level. The relationship between
ESG dimensions and risk generally lacks consistency, with the most prominent finding being the subtle

negative association between environmental and governance scores and stock-specific risks.

Similar observations are discernible within the MSCI ex-US universes, where a statistically significant
relationship between total risk and environmental scores is evident. The negative association between
environmental scores and stock-specific risk is particularly pronounced statistically, achieving
significance at the 1% level, albeit with a small coefficient of -0.021. Likewise, governance scores exhibit
a statistically significant relationship with stock-specific risks but not with market beta, on the basis of

the 122 regression specification.

In the US universe, environmental, carbon, and social scores exhibit a statistically significant relationship
with total risk, with environmental scores being negatively correlated (-0.025) and social scores positively
correlated (0.045). The latter is particularly striking, as it suggests that companies excelling in their
management of social dimensions are associated with higher levels of risk—an outcome that appears
counterintuitive. Nevertheless, the economic significance remains negligible due to the relatively small
coefficients attributed to these scores. Furthermore, none of the ESG dimensions, including governance
scores, display any substantive relationship with either total or stock-specific risk for these stocks. In all
instances, the relationship between these sustainability variables and market beta remains centred

around zero, albeit with varying degrees of statistical significance.

As previously, robustness tests incorporating additional lags as instrumental variables have largely
confirmed the results obtained thus far. When considering all observations, a clear distinction emerges
between the MSCI World, MSCI World ex-US, and US universes. Across these three universes, a degree

of consistency is observed in the statistical significance of the negative relationship between total risk
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and environmental scores, even when further lags are incorporated into the analysis. However, the

economic significance remains immaterial.

In the former two universes, stronger environmental and governance scores are associated with lower
risk, particularly in terms of total and stock-specific risk, although the extent of this reduction remains

limited. In contrast, the relationship within the US universe is less clear-cut.

6.7.3 Relationship between sustainability and risk across the risk spectrum

Next, we scrutinise the interplay between sustainability and risk across the risk distribution spectrum
utilising a quantile fixed effects regression, employing a lagged risk variable as the instrumental variable.
This regression framework aligns with the previous analyses but aims to investigate how this relationship
varies across different segments of the risk distribution, specifically at the 25, 50", and 75" percentiles.
Exhibit 20 presents the primary results of these regressions across all universes, with control variables
omitted for clarity. As noted in previous analyses, the lagged risk terms are profoundly significant, as

evidenced by their substantial coefficients and pronounced t-statistics across all stock universes.

With respect to the impact of ESG factors, their relevance appears minimal within the lower risk
spectrum but progressively gains both statistical and economic significance as risk levels increase. This
finding, which is more compelling for measures of total and stock-specific risk, suggests that ESG factors
may exert a more pronounced influence on companies encountering higher levels of risk. However, the

economic significance remains secondary, as the magnitude of the coefficients is relatively modest.

The relationship between the individual dimensions of sustainability and risk is more complex (see
Appendix 6-D). In the context of total and idiosyncratic risk, the economic and statistical significance
of environmental and carbon scores frequently increases as one moves up the risk spectrum across various
geographical regions, with the relationship to total risk being somewhat more convincing. However, as
previously noted, the coefficients remain of marginal significance. In contrast, for governance and social
scores, no consistent pattern emerges for either total or stock-specific risk, and across all model

specifications, no discernible trend is observed between market beta and any sustainability dimensions.
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Exhibit 17 Regression

Specifications Analysing the Relationship Between Risk and ESG for Stocks

TOTAL RISK

STOCK SPECIFIC RISK

in the MSCI World Universe

Spec 1: Spec 2: Spec 3: Spec 4: Spec 5: Spec 6: Spec 7: Spec 8: Spec 9: Spec 10: Spec 11: Spec 12:
Simple Multi OLS | Static FE Dyn FE Simple Multi OLS | Static FE Dyn FE Simple Multi OLS | Static FE Dyn FE
OLS OLS OLS
Lagged past 0.873%** 0.939%** 0.954%%*
risk ) ) ) (27.668) ) ) ) (106.230) ) ) ) (89.402)
ESG -0.189%** | 0.095%** | _0.218%** -0.022 S0.411%%% [ _0.145%*% | _0.330%** -0.014. S0.011%%* | -0.001%** | -0.009%** -0.001%*
(-18.17) (10.42) (-3.467) (-1.113) (-50.03) (-20.25) (-6.974) (-1.822) (-26.62) (-3.612) (-3.602) (-3.318)
Size S4.599%%F | _6.434%** -0.857%* S4.178F*F | L5.639%F* | _0.351%** 20.090%** | -0.101%%* | -0.008%**
i (-135.49) (-15.643) (-3.283) ) (-156.970) (-21.985) (-3.922) i (-60.242) (-8.816) (-3.843)
Dividend -0.451%5% | 0. 527 ** Z0.085%%* -0.620%%*% | _0.584%** | _0.039%** -0.016%** | -0.020%** -0.001%
Yield ) (-48.81) (-4.856) (-4.220) ) (-85.600) (-5.648) (-5.076) ) (-40.028) (-5.719) (-2.434)
Price -3.658%%% | _3.224%%* S1.169%** -2.199%%% | _1.848%*%* | _0.693%** -0.075%*% [ -0.077*F* | -0.020%**
Momentum ) (-83.24) (-7.509) (-5.208) ) (-63.810) (-5.586) (-8.169) ) (-38.537) (-4.717) (-5.022)
Liquidity 2.965*** 5,482k ** 0.737*** 2.252%** 4.284%*% 0.245%** 0.087*** 0.119%** 0.008%**
(Dollar Vol) ) (120.54) (15.317) (3.732) ) (116.730) (17.178) (3.998) ) (79.460) (11.714) (4.461)
Cash pro/t -1.188%** -1.376%* -0.608. -0.217%** -0.431% -0.262%* S0.011%*%* -0.007 -0.002
) (-47.89) (-2.741) (-1.928) ) (-11.140) (-2.014) (-2.604) ) (-10.253) (-1.550) (-1.202)
ROE S2.130%%% | -2.226%** -0.754. -0.985% %% [ _1,032%** -0.283. S0.017%%% | _0.017*** -0.003
) (-103.99) (-4.268) (-1.673) ) (-61.320) (-5.452) (-1.921) ) (-19.127) (-5.123) (-1.591)
Asset Growth 4.201%%* 3.960%** 0.670 2.599%** 2.362%%* 0.299% -0.015%** -0.014 0.007***
) (89.35) (6.627) (1.644) ) (70.480) (6.708) (2.307) ) (-7.335) (-1.576) (3.865)
Earnings 1.507%%* 1.074%%%* 0.071* 1.234%%* 0.990%** 0.008 0.044%%* 0.033%** -0.000
volatility i (102.02) (12.661) (2.153) ) (106.560) (14.786) (1.032) ) (67.455) (8.800) (-0.751)
Debt/EV 1.551%%* 1.645%*% 0.133 1.203%%* 1.219%%* 0.057 0.011%%* 0.018%** 0.002*
) (99.36) (5.842) (0.543) ) (98.220) (9.076) (0.730) ) (15.551) (5.703) (2.159)
Fixed B} ects NO NO YES YES NO NO YES YES NO NO YES YES
Other statistics
Adj R? , ,
0.18% 29.32% 40.37% 87.31% 1.35% 30.81% 42.36% 94.51% 0.39% 9.27% 23.94% 93.22%
Durban-Wu- 855.55 1847.38 342.32
Hausman test (p=0.00) *** (p=0.00) *** (p=0.00) ***
First stage F- 4.43 x 1031 1.46 x 1091 1.479x 102
test

Source: Authors’ estimates. Regressions and t-statistics are based on robust standard errors, double clustered at the individual company and date levels. *** ** * and . indicate statistical significance at the 0.01%, 1%, 5%,
and 10% levels, respectively. The sample covers stocks from 2014 to 2024. “Simple OLS” represents a basic linear regression, “Multiple OLS” represents a multiple OLS regression, “FE regression” represents a static fixed effects
linear regression, and “Dyn regression” represents a dynamic fixed effects regression using 2SLS based on instrumental variables (IVs).
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Exhibit 18 Regression Specifications Analysing the Relationship Between Risk and ESG for Stocks in

TOTAL RISK

STOCK SPECIFIC RISK

the MSCI World ex-US Universe

Spec 1: | Spec 2: | Spec 3: | Spec 4: Dyn | Spec 5: | Spec 6: | Spec 7: | Spec 8: | Spec 9: | Spec 10: | Spec 11: | Spec 12:
Simple Multi OLS | Static FE FE Simple Multi OLS | Static FE Dyn FE Simple Multi OLS Static FE Dyn FE
OLS OLS OLS
Lagged past 0.879%** 0.940%** 0.961%**
risk (30.931) (116.761) (114.236)
ESG -0.317%** -0.169%** -0.334%** -0.043. -0.579%** -0.390%** -0.403%** -0.019* -0.006%** -0.005%** -0.009%** -0.001%**
(-26.020) (-15.780) (-5.190) (1.876) (-59.390) (-46.160) (-7.323) (1.973) (-11.940) (-10.473) (-2.887) (-3.298)
Size -4.592% ¥k -5.292%** -0.668%* -4.286%+* -4.676%*+* -0.301%* -0.073%** -0.056%** -0.005%*
i (-112.280) (-11.306) (-2.631) i (-132.690) (-16.260) (-3.310) i (-37.464) (-3.895) (-2.636)
Dividend Yield -0.518%** -0.515%** -0.088%** -0.650%** -0.549%*%* -0.041%** -0.009%** -0.013%** -0.001.
) (-53.550) (-4.034) (-3.360) i (-85.200) (-4.540) (-3.947) ) (-19.379) (-4.085) (-1.936)
Price -3.116%** -3.001%** -0.967*** -1.985% %% -1.916%+* -0.585%** -0.072%** -0.076%** -0.019%**
Momentum i (-68.380) (-8.443) (-5.936) i (-55.160) (-6.724) (-8.754) i (-33.237) (-5.808) (-5.877)
Liquidity 3.345%x* 3.809%** 0.489** 2.510%%* 2.818%** 0.160%* 0.109%** 0.097*** 0.006%**
(Dollar Vol) ) (100.730) (10.581) (2.706) ) (95.710) (11.965) (2.706) . (68.409) (8.755) (3.543)
Cash profit -1.058%** S1.227%%* -0.438%** -0.225%** -0.454%%* -0.197%** -0.018%** -0.012%* -0.001
i (-44.010) (-5.674) (-3.297) i (-11.860) (-3.515) (-5.354) i (-15.641) (-2.656) (-1.071)
ROE S1.627%%* S1L61TH** -0.232 -1.008%** -1.031%%* -0.097 -0.022%** -0.024%%* -0.001
) (-68.980) (-4.443) (-0.910) i (-54.140) (-5.989) (-1.235) ) (-19.615) (-5.164) (-1.636)
Asset Growth 3.132%%** 3.016%** 0.483 1.751%%* 1.609%%* 0.217% -0.014%** -0.009 0.004*
) (64.060) (4.985) (1.567) ) (45.340) (4.672) (2.199) ) (-5.841) (-1.002) (2.346)
Earnings 1.319%** 0.979%** 0.049. 1.050%** 0.925%** 0.002 0.044%** 0.036%** -0.001.
volatility ) (77.240) (9.979) (1.907) ) (77.910) (10.955) (0.206) ) (54.143) (7.497) (-1.774)
Debt/EV 0.688%** 0.685** -0.072 0.700%%* 0.662%** -0.017 0.001* 0.008** 0.000
) (43.050) (3.181) (-0.504) ) (55.430) (6.089) (-0.366) ) (1.779) (3.125) (0.544)
Fixed Effects NO NO YES YES NO NO YES YES NO NO YES YES
Other statistics
Adj R? 0.58% | 28.28% | 35.81% 86.06% 2.96% | 31.88% 38.94% 93.96% 0.12% | 9.04% | 23.13% 93.97%
Durban-Wi- 1014.059 2381.826 280.589
Hausman test (p=0.00)*** (p=0.00) *** (p=0.00)
F233
First stage F-test 8.40 x 1032 8.41 x 1029 5.45 x 1030
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Exhibit 19 Regression Specifications Analysing the Relationship Between Risk and ESG for Stocks in

TOTAL RISK

STOCK SPECIFIC RISK

the US Universe

Spec 1: | Spec 2: | Spec 3: | Spec 4: Dyn | Spec 5: | Spec 6: | Spec 7: | Spec 8: | Spec 9: | Spec 10: | Spec 11: | Spec 12:
Simple Multi OLS | Static FE FE Simple Multi OLS | Static FE Dyn FE Simple Multi OLS | Static FE Dyn FE
OLS OLS OLS
Lagged past - - - 0.879*** - - - 0.917%** - - - 0.946%***
risk (31.887) (72.249) (62.468)
ESG -0.079%** 0.107%** 0.172% -0.009 -0.224%** -0.002 0.034 -0.013 -0.017%** -0.007*** -0.008* -0.001*
(-4.415) (7.409) (1.972) (-0.320) (-17.08) (-0.242) (0.604) (-1.048) (-27.780) (-12.521) (-2.519) (-2.119)
Size - -9.894%** -9.202%** -1.312%%* - S7.7T16H%* -7.296%*%* -0.669*** - -0.202%** -0.171F*F* -0.015%**
(-172.577) (-11.219) (-3.907) (-193.942) (-17.121) (-4.308) (-87.939) (-11.340) (-3.668)
Dividend Yield - -0.573%** -0.348%* -0.038 - -0.805%** -0.397*** -0.022 - -0.041%** -0.026%*** 0.000
(-33.125) (-3.082) (-1.183) (-67.081) (-4.332) (-1.494) (-59.514) (-5.638) (0.235)
Price - -5.372%** -5.216%** -1.671%** - -3.087%% -2.839%** -1.032%%* - -0.027%** -0.037* -0.012%*
Momentum (-01.235) (-8.910) (-4.066) (-75.558) (-0.633) (-5.356) (-11.328) (-2.116) (-2.26)
Liquidity - 8.236*** 7.334%** 1.080%** - 5.782%** 5.052%** 0.459%** - 0.159%*** 0.134%** 0.012%**
(Dollar Vol) (151.756) (10.363) (3.921) (153.524) (14.232) (3.889) (73.124) (9.207) (3.581)
Cash profit - 0.716%** 0.616. -0.507* - 1.164%** 0.672%** -0.093 - -0.027*** -0.027%** 0.006**
(20.646) (L.721) (-2.450) (48.339) (3.917) (-1.118) (-19.734) (-3.426) (2.316)
ROE - 1.449%% 1.479%%* 0.195 - 0.776%%* 0.796%+** 0.131 - ~0.008%** -0.007* 0.006%**
(62.076) (3.631) (0.870) (47.931) (4.083) (1.381) (-9.029) (-1.996) (3.905)
Asset Growth - 1.034%%* 1.128* 0.464%* - 0.563*** 0.565. 0.192%* - -0.016%** -0.008 0.008%*
(15.305) (2.380) (2.083) (11.995) (1.915) (2.018) (-5.749) (0.703) (2.511)
Earnings - 1.361%%* 1.091%** 0.009 - 1.210%** 0.987*** 0.009 - 0.040%** 0.037%** -0.000
volatility (61.948) (8.116) (0.170) (79.383) (11.725) (0.531) (45.551) (7.587) (-0.479)
Debt/EV - 1.509%** 1.518%** -0.215. - 1.207*%* 1.174%%* -0.126 - 0.039*** 0.041%** 0.003**
(75.943) (6.581) (-1.935) (87.552) (8.135) (-1.689) (49.581) (10.640) (2.675)
Fixed Effects NO NO YES YES NO NO YES YES NO NO YES YES
Other statistics
Adj R? 0.017% 40.660% 43.950% 86.900% 0.274% 46.390% 51.880% 92.260% 0.865% 16.940% 29.270% 92.240%
Durban-Wu- 855.2837 1654.003 342.075
Hausman test (p=0.00)*** (p=0.00) *** (p=0.00) ***
First stage F-test 1.92 x 1031 7.50 x 103! 9.16 x 1029

80




Exhibit 20 Quantile Regression Specifications Analysing the Relationship Between Risk and ESG Scores Across The

TOTAL RISK

STOCK SPECIFIC RISK

Risk Spectrum

Spec 1: 25% Spec 2: 50% Spec 3: 75% Spec 4: 25% Spec 5: 50% Spec 6: 75% Spec 7: 25% Spec 8: 50% Spec 9: 75%
Percentile Percentile Percentile Percentile Percentile Percentile Percentile Percentile Percentile
World Universe
Lagged past risk 0.747*%* 0.749%** 0.752%** 0.860*** 0.874%** 0.897*** 0.922%** 0.931%** 0.939%**
(478.283) (394.849) (261.106) (499.486) (510.130) (398.818) (652.252) (813.634) (548.909)
ESG 0.001 -0.015%* -0.043%** 0.004. -0.006** -0.023%*** -0.000 -0.001*** -0.002%**
(0.212) (3.089) (5.453) (1.747) (2.425) (5.672) (0.954) (5.452) (7.952)
Fixed Ej ects YES YES YES YES YES YES YES YES YES
World ex-US Universe
Lagged past risk 0.734%** 0.732%** 0.729%** 0.839 0.852%** 0.873%** 0.967*** 0.977*** 0.987***
(437.341) (366.017) (232.872) (338.441) (360.532) (310.212) (518.724) (665.304) (417.756)
ESG -0.002 -0.028*** -0.068*** 0.006. -0.008* -0.031%** 0.000 -0.001 *** -0.002%**
(0.508) (4.801) (7.172) (1.808) (2.477) (5.714) (0.347) (3.981) (6.763)
Fixed Ej ects YES YES YES YES YES YES YES YES YES
US Universe
Lagged past risk 0.760%*** 0.771%** 0.789%** 0.810%*** 0.831%*%* 0.862%*** 0.786%** 0.800*** 0.814%**
(378.237) (353.263) (254.577) (190.229) (216.164) (212.216) (439.592) (580.589) (470.928)
ESG 0.036*** 0.004 -0.049%** 0.003 -0.009* -0.027%** -0.001* -0.001%** -0.002%**
(5.127) (0.551) (3.852) (0.646) (1.969) (3.782) (2.025) (4.703) (5.978)
Fixed EJects YES YES YES YES YES YES YES YES YES

Source: Authors’ estimates. Regressions and t-statistics are based on robust standard errors, double clustered at the individual company and date levels. *** ** * and . indicate statistical significance at the 0.01%, 1%, 5%,

and 10% levels, respectively. The regressions above are dynamic fixed effects regressions using 2SLS based on instrumental variables (IVs) for different percentile range of risks.
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0.7.4 Average Relationship with sustainability during COVID-19

Numerous studies posit a correlation between companies with robust ESG credentials and their risk
profiles during periods of market turmoil, with particular emphasis on the COVID-19 pandemic (e.g.
(Broadstock et al. 2021), (Huang 2024)), (Albuquerque et al. 2020)). These investigations consistently
assert that firms with stronger ESG credentials or specific ESG dimensions tend to demonstrate a lower
financial risk profile. This section aims to empirically examine this hypothesis utilising a dynamic fixed
effects linear regression model, designated as Specification D in Section 5.1. The model retains the
previously established control variables while introducing COVID-19 as an indicator variable to delineate
the period from March 2020 to December 2022. Additionally, it incorporates an interaction term between
COVID-19 and sustainability to analyse whether the effect of sustainability on financial risk varies
during the pandemic period compared to other times. Mathematically, the regression can be specified

as follows:

Yie = Bo + B1Yie—1 + B2Xsust it + B31(COVID) + B,(1(COVID) X Xsysr ;) + BsXuie - + BXie + Ac + 6c

+ Vs + €it

where: Y,,_; is the first lagged dependent variable, I(COVID) is the indicator variable denoting the
COVID-19 period and (1(COVID) X Xgygr ;) is the interaction term.

The results depicted in Exhibit 21 across all stock universes underscore the COVID-19 period as a
significant determinant of risk across nearly all regression specifications, with pronounced positive
coeflicients highlighting its critical role in elevating both total and idiosyncratic risk. ESG factors, while
frequently achieving statistical significance, exhibit only a modest economic impact in mitigating some
of the pandemic-related risk, with the magnitude of this attenuation varying across specifications.
Additionally, the relationship between ESG and risk—encompassing both total and idiosyncratic
dimensions—tends to intensify once the pandemic period is controlled for within the regressions,
suggesting an enhanced, although still modest, association. In contrast, the relationship between ESG

and market beta remains weak and largely unaffected.

The regression outcomes for the individual sustainability dimensions and risk fail to display the same
consistency observed with the overall ESG score (see Appendix 6-E). Social, governance, and
environmental scores did not effectively temper the COVID-19-related risk, irrespective of the risk metric
applied, nor did the significance of the coefficients for these sustainability variables consistently increase
when the pandemic period was incorporated into the analysis. By contrast, carbon scores demonstrated
a modest ability to mitigate the effects of the pandemic, particularly in relation to total and idiosyncratic

risk measures.
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Overall, the ability of ESG to moderate the impacts of COVID-19 is limited, with individual

sustainability factors showing inconsistent effects across various dimensions and regions.

0.7.5 The association of current sustainability ratings with future risks

In the concluding section of our analysis, we delve into the potential nexus between current sustainability
ratings and prospective risks. The study by (Dunn, Fitzgibbons, and Pomorski 2018), which extends the
analysis horizon up to five years, posits that current sustainability ratings can indeed serve as prognostic
indicators of future risks, although their predictive power diminishes over time. Given the marked drop
in the correlation between sustainability ratings and risk variables upon the inclusion of the lagged risk
variable in our regressions, we have opted to scrutinise the relationship solely up to a one-year forward-
looking period. Exhibit 8 and Appendix 6-F elucidate the association between sustainability measures

and 6-month and 1-year forward risk.

Across all model specifications, we observe a material diminution in the coefficient of lagged risk, despite
its standing as the most substantial variable from both economic and statistical perspectives. This
reduction coincides with a decline in model fit, as indicated by the adjusted R-squared values. The
regressions concerning environmental and carbon scores are particularly noteworthy, showing an
enhancement in both economic and statistical significance—a consistency not reflected in the composite
ESG scores or other sustainability metrics. A plausible explanation for the increasing significance of
environmental scores from 6 to 12 months across all forward risk measures may lie in the intrinsic nature
of environmental impacts, which often require an extended period to manifest within a company’s risk
profile. For example, the coefficient associated with the environmental score in the World stock universe
increased from -0.043 to -0.092, with its statistical significance intensifying from 10% to 0.1%.
Environmental initiatives or exposures typically have long-term consequences, and their effects on
corporate risk may not be immediately apparent within a shorter timeframe, such as 6 months. However,
as time progresses, these factors may exert a more pronounced influence, thereby becoming more
discernible in the 1-year forward risk assessment. This trend of increasing significance is not observed

across other dimensions of sustainability.
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Exhibit 21 Dynamic Fixed Effects Regression Specifications Analysing the Relationship Between Risk and ESG Scores during COVID

TOTAL RISK

Spec 1: All Period

Spec 2: With COVID
Binary Variable

STOCK SPECIFIC RISK

Spec 3: All Period

Spec 4: With COVID
Binary Variable

Spec 5: All Period

Spec 6: With COVID
Binary Variable

World Universe

Lagged past risk 0.873%%% 0.8267%% 0.939%%% 0.9317%% 0.9547 %% 0.955% %%
(27.668) (17.442) (106.230) (74.339) (89.402) (92.955)
COVID 3513 0.984% 0.012
(2.188) (2.057) (1.212)
COVID x ESG Z0.162. 20.060. 20.002*
(-1.658) (-1.802) (-2.102)
ESG 20.022 ~0.032. 0014 ~0.012. 0.0017% 20,000
(1.113) (-1.701) (-1.822) (1.657) (-3.318) (-1.487)
s 2
Adj R §7.31% 88.15% 94.51% 94.70% 93.22% 93.38%
World ex US Universe
Lagged past risk 0.879%%% 08217+ 0.940%%% 0.930%%% 0.0617%% 0.9617 %
(30.931) (17.731) (116.761) (83.228) (114.236) (114.308)
COVID 3.440% 1.101* 20.005
(2.322) (2.414) (1.035)
COVID x ESG 20.061 20.046% 0.000
(1.176) (-2.081) (0.287)
ESG 20.043. 0.100%* 20.019. 20.026% 20.0017 %% 20.001%*
(-1.876) (-2.847) (-1.973) (-2.205) (3.298) (-2.847)
. 2
Adj R 86.06% §7.19% 93.96% 94.09% 93.97% 93.97%
US Universe
Lagged past risk 0.879%%% 0.768%%% 0.917%%% 0.883%%% 0.9467%+ 0.945% %%
(31.887) (12.888) (72.249) (38.679) (62.468) (61.492)
COVID 6.649% 1.985. 0.026
(2.331) (1.975) (1.079)
COVID x ESG 20.320. 20,086 20.005%
(-1.774) (1.314) (2.068)
ESG 20,009 20.022 20,013 20.025% 20.001% 20.000
(-0.320) (0.926) (-1.048) (2.186) (-2.119) (0.295)
; 2
Adj R 86.90% 88.58% 92.26% 92.63% 92.24% 92.24%

Source: Authors’ estimates. Regressions and t-statistics are based on robust standard errors, double clustered at the individual company and date levels. *** ** * and . indicate statistical significance at the 0.01%, 1%, 5%,

and 10% levels, respectively. The regressions above are dynamic fixed effects regressions using 2SLS based on instrumental variables (IVs) with COVID as a binary variable.
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Exhibit 22 Dynamic Fixed Effects Regression Specifications Analysing the Relationship Between Future Risk and ESG Scores

Spec 1: 6 month
forward risk

TOTAL RISK

Spec 2: 1 year
forward risk

STOCK SPECIFIC RISK

Spec 3: 6 month
forward risk

Spec 4: 12 month
forward risk

Spec 5: 6 month
forward risk

Spec 6: 12 month
forward risk

World Universe

Lagged past risk 0.896%%* 0.666%%* 0.943%%% 0.8217%% 0.408%%% 0.379%%*
(21.751) (21.536) (72.648) (61.910) (33.089) (30.998)
ESG 0.018 20.051 0.004 20.0427% 20.0067 %% 20,0067
(0.651) (-1.602) (0.359) (-3.122) (7.386) (6.602)
. 2
Adj R 76.10% 70.00% 89.40% 80.70% 69.10% 62.30%
World ex US Universe
Lagged past risk 0.883% %% 0.674% %% 0.9297%% 0.674% %% 0.3767 %% 0.3497%%
(21.05) (21.71) (74.83) (21.71) (34.34) (28.43)
ESG 20.019 20101 20.014 20.064% % 200067 7% 200087+
(-0.65) (-2.76) (-1.14) (-3.53) (-6.59) (-6.75)
. 2
Adj R 73.10% 65.80% 88.40% 65.80% 68.90% 59.90%
US Universe
Lagged past risk 0.0417 % 0.6357 %% 0.9207% 0.755%%% 0.4317%% 0.375%%%
(22.823) (23.355) (38.083) (32.987) (21.767) (22.190)
ESG 0.014 0.083. 0.008 0.006 20.0077%% 20.0057%%
(0.266) (1.701) (0.343) (0.229) (-4.915) (-3.446)
Iy
Adj R 74.20% 71.90% 83.90% 77.30% 67.10% 64.00%

and 10% levels, respectively. The regressions above are dynamic fixed effects regressions using 2SLS based on instrumental variables (IVs) with COVID for different forward risk levels.
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6.8 Conclusion and Investment Implications

In summary, our study makes a significant contribution to the ESG-risk literature. Specifically, we
advance the field by employing a dynamic panel framework with instrumental variables to rigorously
address endogeneity and capture dynamic risk effects. This methodological improvement allows us to
isolate the genuine impact of ESG factors on company-level financial risk, challenging previous findings
that may have overstated ESG’s risk-mitigating role. Sustainability investments are frequently lauded
for their potential to mitigate risks. Firms with robust sustainability practices exhibit lower financial
risks and superior risk management capabilities (e.g., (Devalle, Fiandrino, and Cantino 2017);
(Kotsantonis, Pinney, and Serafeim 2016)). Moreover, these firms often garner enhanced stakeholder
trust and bolster brand value (Zou et al. 2024). However, research on the impact of sustainability scores
on risk is affected by significant endogeneity issues, potentially leading to overstated and misleading
inferences. Furthermore, by examining the ESG-risk relationship across different risk measures and over
forward-looking periods, our study provides novel insights into how sustainability impacts risk across

various market conditions and geographies

To address endogeneity concerns, we include a lagged risk variable in our regression specifications and
employ a two-stage least squares (2SLS) regression with instrumental variables. This framework isolates
the true impact of sustainability on risk by effectively controlling for potential confounders. Our analysis
reveals that much of the previously reported statistical significance between sustainability and risk
diminishes when the 2SLS approach is employed. Where significance persists, the economic magnitude—
as reflected in the regression coefficients for sustainability—is reduced by multiple orders of magnitude
relative to models not utilising 2SLS. Unlike control variables, which retain sizeable coefficients and
statistical significance even in dynamic panel regressions, ESG variables experience a disproportionately
large decline in explanatory power. In some cases, the reduction in ESG coefficients exceeds a factor of

hundreds, underscoring the relative insignificance of sustainability credentials at the stock level.

A key limitation of our study is the potential weakness of our instrumental variables. Although we use
robustness checks to validate instrument strength, residual endogeneity may persist, potentially affecting
our estimates. Another key constraint is that our analysis primarily captures short- to medium-term
effects. Longer-term sustainability initiatives, particularly in environmental and carbon transitions, may
take years or decades to materially influence financial risk. This temporal limitation should be considered
when interpreting our findings. Additionally, our results indicate that sustainability’s impact on financial
risk varies across geographies. The effect is generally weaker for US equities and more pronounced for
non-US equities, suggesting that institutional and regulatory differences may influence ESG-risk

relationships.
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The precise impact of sustainability varies by dimension and region, with a lesser influence on US equities
than non-US equities. Analysis across the risk spectrum suggests higher sensitivity to ESG factors in
higher-risk stocks globally, although this relationship is inconsistent across all sustainability facets.
During the COVID-19 pandemic, sustainability considerations provided only minor mitigation of both
total and idiosyncratic risks, and this effect was not consistent across all sustainability variables.
Macroeconomic forces and firm-specific circumstances during extreme events can overshadow
sustainability factors, limiting their consistent risk-mitigating role. Furthermore, sustainability metrics
have limited prognosticative capability for future risk, particularly for environmental and carbon factors,
as such initiatives often require extended timeframes to materialise. This suggests that while ESG factors
may contribute to risk mitigation over the long run, their short-term impact is limited and inconsistent.

Consequently, the relationship between sustainability and risk may modestly strengthen over time.

Regarding the hypotheses set out in the theoretical framework, the evidence indicates that the
relationship between sustainability and financial risk is substantially weaker than previously documented
in the literature, with coefficient magnitudes reduced by a factor of hundreds in some cases. This
contrasts with the control variables included in our dynamic panel regressions, many of which, despite
experiencing some reduction in their coefficients, retain considerable economic and statistical

significance—far exceeding what is observed for sustainability credentials at the stock level.

The results provide negligible empirical support for the Total Risk Hypothesis, which posits that firms
with strong sustainability credentials have lower total risk. While an initial negative association between
ESG scores and total risk is observed, this relationship becomes statistically and economically
insignificant once past volatility is accounted for. The coefficient on ESG declines by orders of magnitude,
reinforcing the view that much of the perceived reduction in total risk attributed to ESG factors in
previous studies may, in fact, be explained by firms’ pre-existing risk profiles rather than an independent

ESG effect.

Similarly, the evidence for the Idiosyncratic Risk Hypothesis, which posits that ESG mitigates firm-
specific risk, is substantially weaker than previously reported. Governance scores exhibit a small negative
association with idiosyncratic risk, but the effect is marginal. Once lagged risk is accounted for, the
relationship loses statistical significance and its economic impact becomes trivial. In contrast, control
variables such as firm size and earnings volatility continue to exhibit larger, statistically significant
coefficients, underscoring that ESG’s influence on firm-specific risk is both small and disproportionately

weak compared to other risk determinants.
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The Market Risk Hypothesis, which asserts that firms with superior ESG scores have lower market beta
due to enhanced resilience to macroeconomic shocks and reduced exposure to systemic risk factors, is
also not supported. Across all model specifications, the inclusion of instrumental variables and controls
for past volatility renders the ESG-market beta relationship negligible. As in the case for the Total Risk
and Idiosyncratic Hypotheses, the coefficient on ESG is an order of magnitude smaller than those
associated with fundamental financial characteristics, further reinforcing the conclusion that
sustainability considerations, while potentially beneficial from a corporate governance or reputational

perspective, do not provide a material hedge against market-wide fluctuations.

Taken together, these findings suggest that the relationship between sustainability and financial risk is
both weaker and far less economically meaningful than that of other risk determinants. Unlike control
variables that retain sizeable coefficients and statistical significance in dynamic panel regressions even
when past volatility is introduced as a control variable, ESG’s explanatory power nearly vanishes once

methodological rigour is applied.

The primary investment implication is that, although sustainability may contribute to long-term
corporate resilience, its impact on financial risk appears secondary—if not negligible—relative to
traditional risk drivers. Investors may wish to align sustainability considerations with broader fiduciary,
governance, or stewardship goals rather than relying solely on ESG as a hedge against financial volatility.
This finding contrasts with previous literature, which often ascribes a strong risk-mitigation role to ESG
factors. Our results suggest that much of this prior evidence may be overstated due to methodological
shortcomings, particularly endogeneity bias. Future research should examine whether the impact of
sustainability on risk becomes more pronounced over extended time horizons, particularly regarding
environmental initiatives that may take decades to materially influence financial stability. Overall, our
contributions underscore the importance of methodological rigour in ESG research, demonstrating that
once dynamic risk and endogeneity are properly accounted for, the impact of sustainability on financial

risk is considerably weaker than previously reported.
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Appendix 6-A: Stock characteristics in ESG quintiles

across regions

Exhibit A-1: Characteristics of MSCI World ex US Stocks by ESG Quintiles and Differences Between

the First and Fifth Quintiles

Q1

(best ESG)

Risk-return metrics
Annual Return

4.20
Total Risk

26.84
Stock-speci/c risk

18.63
Market beta

0.97

Fundamental characteristics
Market cap (USD

billion) 22.10
ROE

15.13
Dividend Yield

3.00
Cash pro/t

26.57
Asset growth

8.11
Debt-to-
enterprise value 25.13

Q2

1.00

20.11
13.00
2.78
26.24
8.92

27.24

Q3

5.10
28.17
20.50

1.00

22.62
10.29
2.76
24.99
9.39

27.88

Q4

4.42
28.82
21.22

1.00

19.04
7.03
241

26.28

11.11

26.35

Q5

(worst ESG)

3.79

29.86

22.80

1.00

15.03

11.34

2.25

26.42

11.85

28.12

Q5-Q1

041
(0.225)
3.02
(-4.618)
418
(-14.353)
0.03
(-5.385)

-7.07
(15.806)
38
(7.217)
-0.75
(14.320)
-0.16
(0.590)
3.74
(-8.332)
2.99
(-11.374)

Source: Authors’ estimates, FactSet. Monthly data from January 2014 to June 2024. Numbers in parentheses represent the t-

statistics comparing the best and worst quintiles.
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Exhibit A-2: Differences in Risk Metrics Over Time Between the First and Fifth ESG Quintiles

fa) Risk metrics of best (Q1) and worst (05) portfolios sorted by ESG (b) Percentage change in risk from best (01) 10 worst guintiles (03)
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Source: Authors’ estimates, FactSet, Axioma. Monthly data from January 2014 to June 2024.

Exhibit A-3: Characteristics of US Stocks by ESG Quintiles and Differences Between the First and
Fifth Quintiles

Q1 Q2 Q3 Q4 Q5 Q5-Q1
(best ESG) (worst ESG)
Risk-return metrics
Annual Return -1.6
11.7 10.0 10.5 10.4 10.1 (0.732)
Total Risk 3.5
16.2 17.0 19.0 18.5 19.7 (-3.777)
Stock-speci/c risk 3.5
27.8 28.8 29.5 30.3 31.3 (-3.369)
Market beta 3.0
18.6 19.3 20.0 20.6 21.6 (-5.703)
Fundamental characteristics
Market cap (USD -18.92
billion) 49.1 34.6 35.2 37.2 30.1 (10.717)
ROE -22.04
39.1 23.6 15.3 12.5 17.1 (2.565)
Dividend Yield -0.41
1.7 1.6 1.5 1.5 1.2 (12.595)
Cash pro/t -6.47
37.5 33.3 32.0 31.8 31.1 (22.263)
Asset growth 4.08
8.7 10.4 10.8 18.0 12.7 (-8.828)
Debt-to- 9.88
enterprise value 19.2 21.2 22.9 21.5 29.1 (-6.672)

Source: Authors’ estimates, FactSet. Monthly data from January 2014 to June 2024. Numbers in parentheses represent the t-
statistics comparing the best and worst quintiles.
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Exhibit A-4: Differences in Risk Metrics Over Time Between the First and Fifth ESG Quintiles

(a) Risk metrics of best (Q1) and worst (Q3) portfolios sorted by ESG (b) Percentage change in risk from best (1) to worst quintiles (05)
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Source: Authors’ estimates, FactSet, Axioma. Monthly data from January 2014 to June 2024.
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Appendix 6-B: Relationship between sustainability and
risks
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World Universe
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Exhibit B-W-1: Regression Specifications Analysing the Relationship Between Risk and Environmental for Stocks in the MSCI World Universe

TOTAL RISK STOCK SPECIFIC RISK
Spec 1: | Spec 2: | Spec 3: | Spec 4: Dyn | Spec 5: | Spec 6: | Spec 7: | Spec 8: | Spec 9: | Spec 10: | Spec 11: | Spec 12:
Simple Multi OLS | Static FE FE Simple Multi OLS | Static FE Dyn FE Simple Multi OLS | Static FE Dyn FE
OLS OLS OLS
Lagged past 0.873*** 0.939%** 0.954***
risk (27.697) (106.716) (89.772)
Environmental | -0.350%%* -0.105%** -0.204% %% -0.030. -0.425% -0.166%** -0.266%** -0.016* -0.011%%* -0.006%** -0.003 -0.000
(-33.88) (-11.67) (-4.221) (-1.959) (-52.05) (-23.64) (-6.106) (-2.289) (-28.11) (-16.056) (-1.218) (-0.309)
Size 4 4T 4R -6.367%%* -0.846%* 4. 144% %% -5 B5THH -0.345% %% -0.087% %% -0.100%** -0.008%**
i (-131.13) (-15.377) (-3.291) i (-154.950) (-21.340) (-3.926) i (-57.604) (-8.609) (-3.823)
Dividend Yield -0.434% % -0.533%%% -0.085%** -0.631%%* -0.594% %% -0.039%** -0.016%%* -0.020%** -0.001%
i (-47.34) (-4.877) (-4.201) ) (-87.640) (-5.662) (-5.062) ) (-40.056) (-5.777) (-2.525)
Price -3.661% % -3.245% S1.172% K 2,21 5%k -1.877H K -0.695% ¥ -0.075% ¥ -0.078%** -0.021% %%
Momentum i (-83.31) (-7.551) (-5.203) ) (-64.290) (-5.645) (-8.158) ) (-38.793) (-4.739) (-5.027)
Liquidity 2.905%** 5.424%%* 0.731%%* 2.270%** 4.197%%* 0.241%%* 0.086%** 0.117%%% 0.008%**
(Dollar Vol) . (118.95) (15.056) (3.767) ) (118.570) (16.588) (4.002) ) (79.280) (11.435) (4.412)
Cash profit -1.185% k> -1.393%* -0.609. -0.227% K -0.457% -0.263* -0.011%%* -0.008 -0.002
i (-47.78) (-2.788) (-1.930) ) (-11.690) (-2.182) (-2.606) ) (-10.435) (-1.706) (-1.250)
ROE 2121 %% -2.235% %% -0.754. -0.991%** -1.047%%* -0.283. -0.017%%* -0.018% %% -0.003
i (-103.58) (-4.304) (-1.674) i (-61.700) (-5.693) (-1.922) i (-19.062) (-5.214) (-1.618)
Asset Growth 4.205%** 3.945%** 0.667 2.596%** 2.344%x 0.298* -0.015%** -0.014 0.007%**
i (89.43) (6.611) (1.642) ) (70.440) (6.669) (2.303) ) (-7.329) (-1.579) (3.879)
Earnings 1.499%%%* 1.094%%% 0.073* 1.236%%* 1.021%%%* 0.009 0.044%*x* 0.034 % -0.000
volatility ) (101.52) (13.037) (2.179) ) (106.820) (15.137) (1.174) ) (67.340) (9.049) (-0.524)
Debt/EV 1.578%%% 1.610%** 0.130 1.184% %% 1.165%%* 0.055 0.011%** 0.016%%* 0.002%
i (101.74) (5.824) (0.534) ) (97.400) (8.970) (0.706) ) (15.872) (5.181) (2.041)
Fixed Effects NO NO YES YES NO NO YES YES NO NO YES YES
Other statistics
Adj 2 0.62% 29.33% 40.34% 87.32% 1.46% 30.86% 42.10% 94.51% 0.43% 9.39% 23.77% 93.22%
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Exhibit B-W-2:

Regression Specifications Analysing the Relationship Between Risk and Social for Stocks in the MSCI World Universe

TOTAL RISK

STOCK SPECIFIC RISK

Spec 1: | Spec 2: | Spec 3: | Spec 4: Dyn | Spec 5: | Spec 6: | Spec 7: | Spec 8: | Spec 9: | Spec 10: | Spec 11: | Spec 12:
Simple Multi OLS | Static FE FE Simple Multi OLS | Static FE Dyn FE Simple Multi OLS | Static FE Dyn FE
OLS OLS OLS
Lagged past 0.873*** 0.939%** 0.954***
risk (27.840) (108.046) (89.835)
Social 0.059%*x* 0.232%** 0.009 0.011 -0.138%** 0.027%* -0.109* -0.003 -0.003%** 0.005%** 0.002 -0.000
(4.179) (19.15) (0.146) (0.692) (-12.31) (2.864) (-2.075) (-0.500) (-4.753) (9.920) (0.794) (-1.093)
Size -4.593%** -6.455%** -0.858%* -4.264%%* -5.661%** -0.349%** -0.092%** -0.102%** -0.008%**
) (-136.59) (-15.591) (-3.290) ) (-161.418) (-21.740) (-3.930) ) (-62.051) (-8.830) (-3.856)
Dividend Yield -0.449%%* -0.540%%* -0.086%*** -0.639%** -0.601%** -0.040%** -0.017%** -0.020%** -0.001*
) (-48.90) (-4.895) (-4.205) ) (-88.647) (-5.683) (-5.066) ) (-41.257) (-5.782) (-2.515)
Price -3.658%** -3.238%** SLATIRRE -2.205%** -1.864%** -0.693%** -0.075%** -0.078*** -0.021%**
Momentum ) (-83.30) (-7.534) (-5.212) ) (-63.904) (-5.599) (-8.173) ) (-38.618) (-4.738) (-5.028)
Liquidity 2.979%** 5.433%%* 0.731%%* 2.313%*x* 4.207H** 0.240%** 0.088%** 0.117%** 0.008%**
(Dollar Vol) (121.74) (15.085) (3.771) (120.303) (16.672) (3.996) (81.414) (11.449) (4.419)
Cash profit _1.185%** -1.394%* -0.609. ~0.225% %% -0.455% -0.263% S0.011%** -0.008. -0.002
) (-47.80) (-2.794) (-1.931) ) (-11.530) (-2.171) (-2.606) ) (-10.363) (-1.719) (-1.247)
ROE -2.120%** -2.244%%* -0.755. -0.995%** -1.061%** -0.283. -0.017*** -0.018%** -0.003
) (-103.60) (-4.325) (-1.673) ) (-61.871) (-5.754) (-1.922) ) (-19.154) (-5.234) (-1.622)
Asset Growth 4.200%** 3.965%** 0.669 2.594 %% 2.370%%* 0.298* -0.015%** -0.014 0.007***
) (89.40) (6.642) (1.643) ) (70.280) (6.723) (2.303) ) (-7.393) (-1.541) (3.882)
Earnings 1.505%%%* 1.101%%%* 0.074* 1.242%** 1.024%%% 0.009 0.044%%* 0.034%%* -0.000
volatility ) (102.06) (13.019) (2.211) ) (107.137) (15.069) (1.159) i (67.736) (9.095) (-0.564)
Debt/EV 1.546%** 1.600%** 0.127 1.170%** 1.165%%* 0.055 0.010%** 0.016%** 0.002*
) (99.49) (5.758) (0.521) ) (95.809) (8.884) (0.695) ) (14.358) (4.980) (2.040)
Fixed Effects NO NO YES YES NO NO YES YES NO NO YES YES
Other statistics
Adj B2 0.01% 29.42% 40.18% 87.31% 0.08% 30.65% 41.72% 94.51% 0.01% 9.31% 23.75% 93.22%
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Exhibit B-W-3: Regression Specifications Analysing the Relationship Between Risk and Governance for Stocks in the MSCI World Universe

TOTAL RISK STOCK SPECIFIC RISK
Spec 1: | Spec 2: | Spec 3: | Spec 4: Dyn | Spec 5: | Spec 6: | Spec 7: | Spec 8: | Spec 9: | Spec 10: | Spec 11: | Spec 12:
Simple Multi OLS | Static FE FE Simple Multi OLS | Static FE Dyn FE Simple Multi OLS | Static FE Dyn FE
OLS OLS OLS
Lagged past | ) i 0.873*** ) i ) 0.939%** ) ) i 0.954***
risk (27.846) (109.00) (89.475)
Governance -0.278%** -0.209%** -0.393%** -0.015 -0.453%** -0.406%** -0.418%** -0.019* -0.012%*%* -0.009%** -0.017%** -0.001.
(-20.84) (-18.24) (-4.984) (-0.573) (-42.91) (-45.34) (-7.416) (-1.977) (-22.83) (-18.178) (-6.198) (-1.655)
Size -4 BT4RKK -6.604%** -0.864%** -4.313%** -5.830%** -0.360%** -0.093%** -0.108*** -0.008%**
(-136.24) (-15.927) (-3.304) (-164.46) (-22.433) (-4.042) (-62.300) (-9.439) (-3.937)
Dividend Yield -0.416%%* -0.528%%* -0.086%*** -0.593%%* -0.590%** -0.039%** -0.016%** -0.020%** -0.001%**
(-45.00) (-4.887) (-4.193) (-82.12) (-5.691) (-5.049) (-37.952) (-5.784) (-2.516)
Price -3.632%** -3.193%** -1.169%** -2.161%** -1.821%** -0.692%** -0.074%** -0.076%** -0.020%**
Momentum (-82.68) (-7.465) (-5.197) (-62.97) (-5.515) (-8.152) (-38.082) (-4.677) (-5.025)
Liquidity ] 2.933%** 5.531%** 0.736%** i 2.316%** 4.314%%% 0.24 7% i 0.087*** 0.121%** 0.008%**
(Dollar Vol) (120.54) (15.478) (3.783) (121.86) (17.264) (4.099) (81.055) (12.049) (4.447)
Cash profit J1.127% K -1.267% -0.604. S0.116%** -0.322 -0.257%* -0.009%** -0.002 -0.001
) (-45.13) (-2.507) (-1.906) i (-5.930) (-1.524) (-2.533) i (-8.023) (-0.507) (-1.068)
ROE -2.129%** -2.246%** -0.756. -1.005%** -1.062%** -0.284. -0.018%** -0.018%** -0.003
) (-104.01) (-4.293) (-1.676) ) (-62.84) (-5.630) (-1.926) ) (-19.503) (-5.326) (-1.623)
Asset Growth 4,21 2%%* 3.967%** 0.670 2.610%** 2.373%** 0.300* -0.015%** -0.014 0.007***
(89.63) (6.614) (1.646) (71.11) (6.710) (2.312) (-7.190) (-1.551) (3.875)
Earnings 1.506%** 1.081%%%* 0.073* 1.250%%* 1.009%** 0.009 0.044%%* 0.033%%* -0.000
volatility ) (102.09) (12.976) (2.164) ) (108.43) (15.031) (1.118) ) (67.942) (8.937) (-0.584)
Debt/EV 1.580%** 1.622%* 0.129 1.191%%* 1.175%%* 0.055 0.011%** 0.017%%* 0.002*
(101.96) (5.851) (0.534) (98.37) (9.098) (0.717) (15.838) (5.476) (2.060)
Fixed Effects NO NO YES YES NO NO YES YES NO NO YES YES
Other statistics
Adj B2 0.24% 29.41% 40.55% 87.31% 0.99% 31.42% 42.35% 94.51% 0.28% 9.42% 24.20% 93.22%
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Exhibit B-W-4 : Regression Specifications Analysing the Relationship Between Risk and Carbon for Stocks in the MSCI World Universe

TOTAL RISK STOCK SPECIFIC RISK
Spec 1: | Spec 2: | Spec 3: | Spec 4: Dyn | Spec 5: | Spec 6: | Spec 7: | Spec 8: | Spec 9: | Spec 10: | Spec 11: | Spec 12:
Simple Multi OLS | Static FE FE Simple Multi OLS | Static FE Dyn FE Simple Multi OLS | Static FE Dyn FE
OLS OLS OLS
Lagged past i ) i 0.873*** ) i ) 0.939%** ) ) i 0.954***
risk (27.813) (107.362) (89.757)
Carbon -0.197*** 0.021%* -0.074 -0.016 -0.270%** -0.056%** -0.178%** -0.011. -0.004*** 0.001% 0.003 -0.000
(-21.5) (2.637) (-1.617) (-1.581) (-37.38) (-8.985) (-4.368) (-1.776) (-10.83) (2.135) (1.207) (-1.312)
Size -4.562%%* -6.404%** -0.846** -4.215%%* -5.549%** -0.344%%* -0.092%** -0.104%** -0.008%**
(-133.621) (-15.345) (-3.280) (-157.306) (-21.363) (-3.930) (-60.828) (-8.756) (-3.754)
Dividend Yield -0.439%%* -0.534%%* -0.085%** -0.637%%* -0.589%** -0.039%** -0.017%** -0.020%** -0.001*
) (-47.904) (-4.848) (-4.199) ) (-88.550) (-5.614) (-5.081) ) (-40.786) (-5.786) (-2.471)
Price -3.653%** -3.249%%%* -1173RRE -2.209%** -1.896%** -0.695%** -0.075%** -0.077H** -0.021%**
Momentum (-83.096) (-7.574) (-5.207) (-64.019) (-5.698) (-8.146) (-38.532) (-4.700) (-5.030)
Liquidity 2.934%** 5.426%** 0.729%*x* 2.292%** 4,191 0.240%** 0.087*** 0.117%** 0.008%**
(Dollar Vol) (120.024) (15.061) (3.767) (119.498) (16.666) (3.995) (80.675) (11.447) (4.401)
Cash profit _1.185%** -1.391%* -0.609. -0.220%** -0.451% -0.263* S0.011%%* -0.008 -0.002
i (-47.732) (-2.783) (-1.928) i (-11.312) (-2.143) (-2.605) ) (-10.370) (-1.727) (-1.244)
ROE -2.125%** -2.241%%* -0.755. -0.993%** -1.053%** -0.283. -0.017%** -0.018%** -0.003
) (-103.716) (-4.311) (-1.673) ) (-61.780) (-5.673) (-1.922) ) (-19.276) (-5.260) (-1.614)
Asset Growth 4.206%** 3.949%** 0.666 2.589%** 2.331%** 0.297* -0.015%** -0.013 0.007***
) (89.412) (6.607) (1.639) ) (70.147) (6.638) (2.300) ) (-7.319) (-1.476) (3.844)
Earnings 1.503%%%* 1.100%%* 0.074* 1.238%%* 1.029%** 0.010 0.044%%* 0.034%%* -0.000
volatility (101.747) (13.087) (2.185) (106.777) (15.148) (1.199) (67.629) (9.074) (-0.526)
Debt/EV 1.568%* 1.608%** 0.129 1.182%%* 1.169%%* 0.055 0.010%** 0.016%** 0.002%
(100.773) (5.815) (0.533) (96.806) (8.964) (0.706) (15.004) (5.024) (2.059)
Fixed Effects NO NO YES YES NO NO YES YES NO NO YES YES
Other statistics
Adj B2 0.25% 29.28% 40.20% 87.31% 0.76% 30.68% 41.90% 94.51% 0.06% 9.26% 23.77% 93.22%
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World ex-US Universe
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Exhibit B-X-1: Regression Specifications Analysing the Relationship Between Risk and ESG for Stocks in the MSCI World ex US Universe

TOTAL RISK

STOCK SPECIFIC RISK

Spec 1: | Spec 2: | Spec 3: | Spec 4: Dyn | Spec 5: | Spec 6: | Spec 7: | Spec 8: | Spec 9: | Spec 10: | Spec 11: | Spec 12:
Simple Multi OLS | Static FE FE Simple Multi OLS | Static FE Dyn FE Simple Multi OLS Static FE Dyn FE
OLS OLS OLS
Lagged past 0.879%** i ) ) 0.940%** ) ) i 0.961%**
risk (30.931) (116.761) (114.236)
ESG -0.317%** -0.169%** -0.334% %% -0.043. -0.579%** -0.390%** -0.403%** -0.019% -0.006*** -0.005%** -0.009%** -0.001%**
(-26.020) (-15.780) (-5.190) (1.876) (-59.390) (-46.160) (-7.323) (1.973) (-11.940) (-10.473) (-2.887) (-3.298)
Size -4.592% ¥k -5.292% ¥k -0.668** -4.286%** -4.676¥** -0.301%* -0.073%%* -0.056%** -0.005%*
i (-112.280) (-11.306) (-2.631) i (-132.690) (-16.260) (-3.310) i (-37.464) (-3.895) (-2.636)
Dividend Yield -0.518%%* -0.515%%* -0.088%** -0.650%** -0.549% %% -0.041%%* -0.009%** -0.013%%x* -0.001.
) (-53.550) (-4.034) (-3.360) i (-85.200) (-4.540) (-3.947) ) (-19.379) (-4.085) (-1.936)
Price -3.116%** -3.001%** -0.967*** -1.985%** -1.916%** -0.585%** -0.072%** -0.076%** -0.019%**
Momentum ) (-68.380) (-8.443) (-5.936) i (-55.160) (-6.724) (-8.754) ) (-33.237) (-5.808) (-5.877)
Liquidity 3.345%%% 3.809% % 0.489%** 2.510%%% 2.818%** 0.160%* 0.109%%* 0.097%%* 0.006%**
(Dollar Vol) ) (100.730) (10.581) (2.706) ) (95.710) (11.965) (2.706) ) (68.409) (8.755) (3.543)
Cash profit -1.058%** -1.227%%% -0.438%** -0.225%** -0.454%%* -0.197%** -0.018%** -0.012%* -0.001
i (-44.010) (-5.674) (-3.297) i (-11.860) (-3.515) (-5.354) ) (-15.641) (-2.656) (-1.071)
ROE -1.627%%* S1.1THHR -0.232 -1.008%** -1.031%%* -0.097 -0.022%%* -0.024%%* -0.001
) (-68.980) (-4.443) (-0.910) i (-54.140) (-5.989) (-1.235) ) (-19.615) (-5.164) (-1.636)
Asset Growth 3.132%%* 3.016%** 0.483 1.751%%* 1.609%** 0.217* -0.014%** -0.009 0.004*
) (64.060) (4.985) (1.567) ) (45.340) (4.672) (2.199) ) (-5.841) (-1.002) (2.346)
Earnings 1.319%#* 0.979%** 0.049. 1.050%%* 0.925% %% 0.002 0.044%%% 0.036%%* -0.001.
volatility ) (77.240) (9.979) (1.907) ) (77.910) (10.955) (0.206) ) (54.143) (7.497) (-1.774)
Debt/EV 0.688%** 0.685%* -0.072 0.700%** 0.662%** -0.017 0.001%* 0.008%** 0.000
) (43.050) (3.181) (-0.504) i (55.430) (6.089) (-0.366) ) (1.779) (3.125) (0.544)
Fixed Effects NO NO YES YES NO NO YES YES NO NO YES YES
Other statistics
Adj R? 0.58% | 28.28% | 35.81% 86.06% 2.96% | 31.88% 38.94% 93.96% 0.12% | 9.04% | 23.13% 93.97%
Durban-Wi- 1014.059 2381.826 280.589
Hausman test (p=0.00)*** (p=0.00) *** (p=0.00)
F233
First stage F-test 8.40 x 1032 8.41 x 1029 5.45 x 1030
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Exhibit B-X-2: Regression Specifications Analysing the Relationship Between Risk and Environmental for Stocks in the MSCI World ex US Universe

TOTAL RISK STOCK SPECIFIC RISK
Spec 1: | Spec 2: | Spec 3: | Spec 4: Dyn | Spec 5: | Spec 6: | Spec 7: | Spec 8: | Spec 9: | Spec 10: | Spec 11: | Spec 12:
Simple Multi OLS | Static FE FE Simple Multi OLS | Static FE Dyn FE Simple Multi OLS | Static FE Dyn FE
OLS OLS OLS
Lagged past i ) i 0.880*** ) i ) 0.9471%** ) ) i 0.961%**
risk (31.175) (119.129) (114.462)
Environmental -0.398%** -0.203%%* -0.256%%* -0.044* -0.507%%* -0.267%%* -0.296%** -0.021%* -0.012%** -0.012%** -0.006. -0.000
(-32.920) (-19.240) (-4.411) (-2.400) (-52.080) (-31.940) (-5.518) (-2.646) (-24.030) (-22.913) (-1.843) (-1.547)
Size -4 544%%k -5.244%%* -0.657** -4.269%** -4.621%%* -0.296%*** -0.069%** -0.054%** -0.005*
(-110.640) (-11.130) (-2.629) (-130.930) (-15.788) (-3.305) (-35.349) (-3.764) (-2.560)
Dividend Yield -0.522%%* -0.524%%* -0.088%*** -0.672%%* -0.560%** -0.041%%* -0.009%** -0.013%** -0.001*
(-54.230) (-4.042) (-3.340) (-87.980) (-4.538) (-3.932) (-19.136) (-4.121) (-2.003)
Price -3.137%Kx* -3.034%%%* -0.970%** -2.033%** -1.957%** -0.586%** -0.073%** -0.077H** -0.019%**
Momentum (-68.900) (-8.547) (-5.930) (-56.230) (-6.828) (-8.748) (-33.642) (-5.858) (-5.902)
Liquidity 3.327*** 3.736%** 0.479%* 2.468%** 2.729%*x* 0.156%** 0.108%**x* 0.095%*x* 0.006%**
(Dollar Vol) ) (100.290) (10.308) (2.801) ) (93.700) (11.332) (2.691) ) (68.209) (8.470) (3.423)
Cash profit -1.068%** -1.243%%* -0.439%* -0.243%%* -0.473%%* -0.198%** -0.018%** -0.013** -0.001
) (-44.470) (-5.839) (-3.301) ) (-12.750) (-3.763) (-5.351) ) (-16.112) (-2.723) (-1.105)
ROE S1.631%%* -1.632%%* -0.232 -1.030%** -1.050%** -0.097 -0.022%** -0.024%** -0.001.
) (-69.270) (-4.501) (-0.911) ) (-55.120) (-6.165) (-1.234) ) (-19.543) (-5.280) (-1.696)
Asset Growth 3.121%%* 2.978%*x 0.477 1.718%** 1.564%** 0.214* -0.014%** -0.010 0.003*
(63.880) (4.930) (1.557) (44.300) (4.559) (2.187) (-5.945) (-1.122) (2.284)
Earnings 1.314%%% 1.005%** 0.052* 1.051%%* 0.958%*x* 0.003 0.044%%* 0.037**x* -0.001
volatility (76.960) (10.237) (1.984) (77.550) (11.169) (0.308) (53.655) (7.677) (-1.631)
Debt/EV BTk 641%* -0.077 648Kk 6Ok -0.019 007
. ) O(5132‘350) 0(3?046) (-0.549) ) O(gl‘i?)o) O(i(.]:?)s) (-0.422) ) 0.001 (1.643) 0(3215) 0000 (0-299)
Fixed Effects NO NO YES YES NO NO YES YES NO NO YES YES
Other statistics
Adj 2 0.93% 28.36% 35.55% 86.06% 2.29% 31.23% 38.32% 93.95% 0.50% 9.38% 22.99% 93.97%
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Exhibit B-X-3: Regression Specifications Analysing the Relationship Between Risk and Social for Stocks in the MSCI World ex US Universe

TOTAL RISK STOCK SPECIFIC RISK
Spec 1: | Spec 2: | Spec 3: | Spec 4: Dyn | Spec 5: | Spec 6: | Spec 7: | Spec 8: | Spec 9: | Spec 10: | Spec 11: | Spec 12:
Simple Multi OLS | Static FE FE Simple Multi OLS | Static FE Dyn FFE Simple Multi OLS | Static FE Dyn FE
OLS OLS OLS
Lagged past ) i i 0.880%** i ) ) 0.9471%** i i i 0.961%**
risk (31.412) (120.944) (114.315)
Social ~0.100%** -0.056%** -0.095 0.009 -0.266%%* -0.193%** -0.161* 0.002 0.001 0.002%** 0.000 -0.000
(-6.123) (-4.025) (-1.367) (0.618) (-20.050) (-17.440) (-2.505) (0.261) (1.333) (3.657) (0.089) (-0.475)
Size -4.637%%* -5.296%** -0.664%* -4.388%%* -4.678%** -0.298%%** -0.075%%* -0.056%** -0.005%*
(-113.566) (-11.202) (-2.638) (-135.140) (-15.929) (-3.313) (-38.363) (-3.886) (-2.626)
Dividend Yield -0.532%** -0.526%** -0.089** -0.682%** -0.562%** -0.041%** -0.010%** -0.013%** -0.001*
(-55.240) (-4.048) (-3.344) (-89.010) (-4.548) (-3.935) (-20.756) (-4.127) (-2.006)
Price -3.133%** -3.037*** -0.970%** -2.022%%%* -1.958%** -0.586%** -0.073%** -0.077H** -0.019%**
Momentum (-68.697) (-8.549) (-5.937) (-55.750) (-6.798) (-8.755) (-33.564) (-5.885) (-5.908)
Liquidity 3.327%** 3.721%%x* 0.475%* 2.469%** 2.711%%* 0.153%* 0.108%%* 0.095%** 0.006%**
(Dollar Vol) . (100.147) (10.255) (2.796) ) (93.470) (11.247) (2.660) ) (68.042) (8.441) (3.392)
Cash profit -1.062%** -1.240%%* -0.438%* -0.235%%* -0.470%** -0.197%*%* -0.018%** -0.013** -0.001
) (-44.136) (-5.877) (-3.297) ) (-12.280) (-3.763) (-5.342) ) (-15.738) (-2.705) (-1.092)
ROE -1.644%%% -1.652%** -0.234 -1.048%*%* S1.073% %k -0.098 -0.023%** -0.025%** -0.001.
) (-69.698) (-4.562) (-0.916) ) (-55.910) (-6.349) (-1.240) ) (-20.048) (-5.415) (-1.753)
Asset Growth 3.118%** 2.988%*x 0.475 1.721%%* 1.578%** 0.214* -0.014%** -0.009 0.003*
(63.715) (4.955) (1.551) (44.220) (4.604) (2.181) (-6.129) (-1.112) (2.298)
Earnings 1.325%** 1.016%** 0.054%* 1.063%** 0.967*%* 0.003 0.044%%* 0.037%** -0.001
volatility (77.524) (10.245) (2.052) (78.220) (11.131) (0.385) (54.472) (7.727) (-1.599)
Debt/EV 0.661%** 0.632%* -0.082 0.642%%* 0.601%** -0.021 0.000 0.007* 0.000
) (41.549) (3.002) (-0.581) ) (50.770) (5.786) (-0.467) i (0.254) (2.453) (0.259)
Fixed Effects NO NO YES YES NO NO YES YES NO NO YES YES
Other statistics
Adj 2 0.03% 28.14% 35.31% 86.05% 0.35% 30.81% 37.89% 93.95% 0.00% 8.97% 22.90% 93.97%
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Exhibit B-X-4: Regression Specifications Analysing the Relationship Between Risk and Governance for Stocks in the MSCI World ex US Universe

TOTAL RISK STOCK SPECIFIC RISK
Spec 1: | Spec 2: | Spec 3: | Spec 4: Dyn | Spec 5: | Spec 6: | Spec 7: | Spec 8: | Spec 9: | Spec 10: | Spec 11: | Spec 12:
Simple Multi OLS | Static FE FE Simple Multi OLS | Static FE Dyn FE Simple Multi OLS | Static FE Dyn FE
OLS OLS OLS
Lagged past i ) i 0.880*** ) i ) 0.9471%** ) ) i 0.961%**
risk (31.464) (121.697) (113.994)
Governance 20,21 7%** -0.055%** -0.322%%%* -0.012 -0.438%** -0.327%** -0.363%** -0.018* -0.011%*%* -0.009%** -0.017%** -0.001
(-14.88) (-4.324) (-4.461) (-0.592) (-37.24) (-32.552) (-5.964) (-2.135) (-17.08) (-15.598) (-5.319) (-1.305)
Size -4.642%%* -5.4471%%* -0.670%* -4.412%** -4.846%** -0.308%** -0.075%%* -0.063%*** -0.005%*
(-113.685) (-11.540) (-2.651) (-136.332) (-16.644) (-3.406) (-38.606) (-4.481) (-2.710)
Dividend Yield -0.528%%* -0.524%%* -0.089%*%** -0.655%%* -0.560%** -0.041%%* -0.009%** -0.013%** -0.001*
(-54.433) (-4.061) (-3.337) (-85.132) (-4.567) (-3.944) (-18.379) (-4.155) (-2.009)
Price -3.131 %% -3.004%** -0.969%** -2.006%** -1.923%** -0.585%** -0.072%** -0.075%** -0.019%**
Momentum (-68.655) (-8.455) (-5.927) (-55.498) (-6.703) (-8.743) (-33.228) (-5.787) (-5.902)
Liquidity 3.320%%* 3.823%%* 0.479%* 2.480%** 2.826%%* 0.160** 0.108%** 0.100%** 0.006%**
(Dollar Vol) ) (100.187) (10.610) (2.810) ) (94.178) (11.886) (2.759) ) (68.341) (9.087) (3.419)
Cash profit ~1.045%** _1.125%%* -0.434%** ~0.137%** -0.340%** ~0.191%** -0.015%** -0.007 -0.001
i (-42.931) (-5.219) (-3.264) ) (-7.107) (-2.707) (-5.204) ) (-13.159) (-1.417) (-0.859)
ROE -1.634%%* -1.596%** -0.233 -0.994%** -1.010%** -0.096 -0.021%** -0.022%** -0.001
) (-69.058) (-4.391) (-0.909) i (-53.017) (-6.004) (-1.206) ] (-18.721) (-4.825) (-1.641)
Asset Growth 3.119%%* 3.004%%* 0.477 1.736%%* 1.593%%* 0.216* -0.013%%* -0.008 0.003*
(63.738) (4.958) (1.561) (44.760) (4.613) (2.204) (-5.764) (-0.992) (2.318)
Earnings 1.330%%* 1.006%** 0.053* 1.089%%* 0.959%** 0.003 0.045%** 0.036%** -0.001
volatility (77.726) (10.215) (2.008) (80.319) (11.101) (0.332) (55.180) (7.634) (-1.638)
Debt/EV 0.657%%* 0.626%* -0.081 0.626%** 0.590%** -0.021 0.000 0.007* 0.000
) (41.357) (2.989) (-0.577) ) (49.764) (5.786) (-0.458) ) (0.427) (2.552) (0.246)
Fixed Effects NO NO YES YES NO NO YES YES NO NO YES YES
Other statistics
Adj 2 0.19% 28.14% 35.58% 86.05% 1.19% 31.26% 38.35% 93.95% 0.25% 9.15% 23.37% 93.97%
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Exhibit B-X-5: Regression Specifications Analysing the Relationship Between Risk and Carbon for Stocks in the MSCI World ex US Universe

TOTAL RISK STOCK SPECIFIC RISK
Spec 1: | Spec 2: | Spec 3: | Spec 4: Dyn | Spec 5: | Spec 6: | Spec 7: | Spec 8: | Spec 9: | Spec 10: | Spec 11: | Spec 12:
Simple Multi OLS | Static FE FE Simple Multi OLS | Static FE Dyn FE Simple Multi OLS | Static FE Dyn FE
OLS OLS OLS
Lagged past i ) i 0.880*** ) i ) 0.9471%** ) ) i 0.961%**
risk (31.428) (120.552) (114.247)
Carbon ~0.151%** -0.028** -0.062 -0.016 -0.232%*%* ~0.092%** -0.148%** -0.009 -0.002%** -0.001% 0.004 -0.000
(-14.21) (-3.027) (-1.146) (-1.417) (-26.98) (-12.49) (-2.923) (-1.301) (-4.128) (-2.183) (1.217) (-1.610)
Size -4.627*** -5.274%%* -0.657** -4.355%** -4.619%** -0.294%** -0.074%%* -0.058%** -0.005*
(-112.769) (-11.083) (-2.627) (-133.400) (-15.687) (-3.310) (-37.914) (-3.937) (-2.480)
Dividend Yield -0.534%%* -0.526%%* -0.088%*** -0.689%** -0.560%** -0.041%%* -0.009%** -0.013%** -0.001*
(-55.528) (-4.034) (-3.342) (-90.050) (-4.526) (-3.946) (-20.633) (-4.136) (-1.971)
Price -3.136%** -3.046%** -0.971%F*F* -2.033%** S1.97THRRk -0.587*** -0.073%** -0.077H** -0.019%**
Momentum (-68.770) (-8.570) (-5.932) (-56.020) (-6.838) (-8.734) (-33.529) (-5.843) (-5.916)
Liquidity 3.329%** 3.724% %% 0.475%* 2. 473HH* 2.714%*x* 0.153%** 0.108%**x* 0.095%*x* 0.006%**
(Dollar Vol) ) (100.168) (10.259) (2.795) ) (93.560) (11.285) (2.663) ) (68.081) (8.428) (3.389)
Cash profit _1.060%** _1.238%%* -0.438%** _0.228*** -0.464** _0.197*** ~0.018%** -0.013** -0.001
i (-44.031) (-5.864) (-3.297) ) (-11.900) (-3.704) (-5.350) ) (-15.679) (-2.739) (-1.075)
ROE S1.641%** -1.647F** -0.234 -1.040%** -1.063%** -0.096 -0.023%** -0.025%** -0.001.
) (-69.569) (-4.550) (-0.915) ) (-55.410) (-6.286) (-1.239) ) (-20.021) (-5.498) (-1.705)
Asset Growth 3.115%** 2.979%*** 0.475 1.710%%* 1.559%%%* 0.214* -0.014%** -0.009 0.003*
(63.657) (4.937) (1.553) (43.920) (4.552) (2.184) (-6.077) (-1.079) (2.273)
Earnings 1.323%%%* 1.018%*%* 0.053* 1.056%%* 0.969%** 0.003 0.044%%* 0.037**x* -0.001
volatility (77.255) (10.280) (2.015) (77.540) (11.127) (0.352) (54.167) (7.789) (-1.625)
Debt/EV i 0.662%** 0.632%* -0.079 i 0.644 % 0.606%** -0.020 i 0.001 (0.713) 0.006* 0.000
(41.466) (3.006) (-0.562) (50.730) (5.796) (-0.437) (2.313) (0.340)
Fixed Effects NO NO YES YES NO NO YES YES NO NO YES YES
Other statistics
Adj R?
0.17% 28.13% 35.30% 86.05% 0.63% 30.72% 37.94% 93.95% 0.02% 8.97% 22.94% 93.97%
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US universe

104



Exhibit B-U-1: Regression Specifications Analysing the Relationship Between Risk and ESG for Stocks in the US Universe

TOTAL RISK

STOCK SPECIFIC RISK

Spec 1: | Spec 2: | Spec 3: | Spec 4: Dyn | Spec 5: | Spec 6: | Spec 7: | Spec 8: | Spec 9: | Spec 10: | Spec 11: | Spec 12:
Simple Multi OLS | Static FE FE Simple Multi OLS | Static FE Dyn FE Simple Multi OLS | Static FE Dyn FE
OLS OLS OLS
Lagged past - - - 0.879*** - - - 0.917%** - - - 0.946%***
risk (31.887) (72.249) (62.468)
ESG -0.079%*x* 0.107*** 0.172% -0.009 -0.224% -0.002 0.034 -0.013 -0.017%** -0.007%** -0.008* -0.001%*
(-4.415) (7.409) (1.972) (-0.320) (-17.08) (-0.242) (0.604) (-1.048) (-27.780) (-12.521) (-2.519) (-2.119)
Size - -9.894%** -9.202%** -1.312%** - ST.T16%** -7.296% %% -0.669%** - -0.202%** S0.171%** -0.015%**
(-172.577) (-11.219) (-3.907) (-193.942) (-17.121) (-4.308) (-87.939) (-11.340) (-3.668)
Dividend Yield - -0.573%** -0.348%% -0.038 - -0.805%** -0.397%** -0.022 - -0.041%** -0.026%** 0.000
(-33.125) (-3.082) (-1.183) (-67.081) (-4.332) (-1.494) (-59.514) (-5.638) (0.235)
Price - -5.372%** -5.216%%* S1.6T1HH* - -3.087+%% -2.839%** -1.032%** - -0.027%** -0.037* -0.012%*
Momentum (-91.235) (-8.910) (-4.066) (-75.558) (-9.633) (-5.356) (-11.328) (-2.116) (-2.26)
Liquidity - 8.236%*** 7.334% %% 1.080%** - 5.782%** 5.052%** 0.459%** - 0.159%** 0.134%%* 0.012%**
(Dollar Vol) (151.756) (10.363) (3.921) (153.524) (14.232) (3.889) (73.124) (9.207) (3.581)
Cash profit - 0.716%** 0.616. -0.507* - 1.164%** 0.672%** -0.093 - -0.027%** -0.027%** 0.006**
(20.646) (L.721) (-2.450) (48.339) (3.917) (-1.118) (-19.734) (-3.426) (2.316)
ROE - 1.449%* 1.479%%* 0.195 - 0.776%%* 0.796%** 0.131 - -0.008%** -0.007* 0.006%**
(62.076) (3.631) (0.870) (47.931) (4.083) (1.381) (-9.029) (-1.996) (3.905)
Asset Growth - 1.034%** 1.128% 0.464* - 0.563%** 0.565. 0.192% - -0.016%** -0.008 0.008%*
(15.305) (2.380) (2.083) (11.995) (1.915) (2.018) (-5.749) (0.703) (2.511)
Earnings - 1.361%%* 1.091%** 0.009 - 1.210%** 0.987*** 0.009 - 0.040%** 0.037%%* -0.000
volatility (61.948) (8.116) (0.170) (79.383) (11.725) (0.531) (45.551) (7.587) (-0.479)
Debt/EV - 1.509%** 1.518%** -0.215. - 1.207%** 1.174%** -0.126 - 0.039%%* 0.041%** 0.003%*
(75.943) (6.581) (-1.935) (87.552) (8.135) (-1.689) (49.581) (10.640) (2.675)
Fixed Effects NO NO YES YES NO NO YES YES NO NO YES YES
Other statistics
Adj R? 0.017% 40.660% 43.950% 86.900% 0.274% 46.390% 51.880% 92.260% 0.865% 16.940% 29.270% 92.240%
Durban- Wi 855.2837 1654.003 342.075
Hausman test (p=0.00)*** (p=0.00) *** (p=0.00) ***
First stage F-test 1.92 x 1031 7.50 x 103! 9.16 x 1029
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Exhibit B-U-2: Regression Specifications Analysing the Relationship Between Risk and Environmental for Stocks in the US Universe

TOTAL RISK

STOCK SPECIFIC RISK

Spec 1: | Spec 2: | Spec 3: | Spec 4: Dyn | Spec 5: | Spec 6: | Spec 7: | Spec 8: | Spec 9: | Spec 10: | Spec 11: | Spec 12:
Simple Multi OLS | Static FE FE Simple Multi OLS | Static FE Dyn FE Simple Multi OLS | Static FE Dyn FE
OLS OLS OLS
Lagged past 0.879*** 0.917%** 0.947***
risk (31.730) (72.144) (62.802)
Environmental ~0.568*** _0.130%** -0.122% -0.025. -0.336%** 0.102%%%* 0.019 -0.0002 -0.016*** -0.004*** 0.002 0.0002
(-35.950) (-10.050) (-2.016) (-1.856) (-29.100) (11.360) (0.356) (-0.032) (-30.4) (-7.287) (0.677) (0.679)
Size -9 725%** -9.040%** -1.299%** -7.813%** -7.296%*%* -0.675%** -0.201%** -0.176%** -0.015%**
] (-166.940) (-10.768) (-3.786) (-193.340) (-16.684) (-4.260) (-86.324) (-11.248) (-3.692)
Dividend Yield _0.576%%* -0.335%* -0.037 -0.804%** -0.396%** -0.022 -0.041%%* -0.026%*** -0.000
i (-33.300) (-2.997) (-1.181) (-67.040) (-4.346) (-1.550) (-59.385) (-5.723) (0.151)
Price _5.420%** _5.270%** -1.674%%* -3.062%** -2.842%** -1.030%** -0.026%** -0.036* -0.012*
Momentum i (-92.000) (-8.955) (-4.086) (-74.930) (-9.618) (-5.367) (-11.236) (-2.035) (-2.22)
Liquidity 8.188*** 7.304%** 1.077%** 5.814%** 5.053%** 0.460%*** 0.159*** 0.134%*** 0.012%**
(Dollar Vol) (150.510) (10.262) (3.889) (154.070) (14.169) (3.881) (73.318) (9.221) (3.583)
Cash profit 0.761%** 0.651. -0.505%* 1.146%** 0.675%** -0.095 -0.028*** -0.028*** 0.006*
) (21.980) (1.797) (-2.422) (47.700) (3.898) (-1.127) (-20.556) (-3.599) (2.250)
ROE 1.477%%* 1.517%xx* 0.194 0.771%%* 0.803%** 0.129 -0.010%** -0.009* 0.006%**
i (63.800) (3.775) (0.876) (48.030) (4.187) (1.372) (-11.447) (-2.416) (3.801)
Asset Growth 0.989%** 1.054* 0.462%* 0.573%** 0.550. 0.196* -0.014%** -0.007 0.008*
) (14.670) (2.201) (2.030) (12.250) (1.854) (2.006) (-5.182) (-0.639) (2.569)
Earnings 1.356%** 1.083%** 0.010 1.207%** 0.984%*** 0.010 0.040%*** 0.038%*** -0.000
volatility i (61.820) (8.178) (0.199) (79.340) (11.756) (0.591) (46.135) (7.684) (-0.401)
Debt/EV 1.511%%* 1.518%** -0.216. 1.209%** 1.173%%* -0.126. 0.039%*** 0.041%** 0.003%**
) (76.080) (6.597) (-1.951) (87.770) (8.149) (-1.694) (49.368) (10.656) (2.676)
Fixed Effects NO NO YES YES NO NO YES YES NO NO YES YES
Other statistics
Adj 1.21% 40.68% 43.92% 86.90% 0.27% 46.39% 51.88% 92.26% 0.87% 16.94% 29.27% 92.24%
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Exhibit B-U-3: Regression Specifications Analysing the Relationship Between Risk and Social for Stocks in the US Universe

TOTAL RISK STOCK SPECIFIC RISK
Spec 1: | Spec 2: | Spec 3: | Spec 4: Dyn | Spec 5: | Spec 6: | Spec 7: | Spec 8: | Spec 9: | Spec 10: | Spec 11: | Spec 12:
Simple Multi OLS | Static FE FE Simple Multi OLS | Static FE Dyn FE Simple Multi OLS | Static FE Dyn FE
OLS OLS OLS
Lagged past i ) i 0.878*** ) i ) 0.917%** ) ) i 0.947***
risk (31.748) (72.078) (62.849)
Social 0.359%*x* 0.354%** 0.322%*% 0.045* 0.147%%x* 0.174%*x* 0.138* 0.012 -0.008*** -0.005%** 0.000 -0.001
(15.050) (19.090) (3.740) (2.310) (8.444) (13.490) (2.233) (1.355) (-9.699) (-6.663) (0.120) (-1.143)
Size -9.888*** 19.164%** -1.325%%* STT3THRRK S7.206%** 0,677k -0.204%** -0.175%%* -0.015%**
(-173.660) (-11.128) (-3.852) (-195.700) (-17.159) (-4.287) (-89.515) (-11.512) (-3.673)
Dividend Yield _0.561%** -0.343%* -0.039 _0.799%** _0.396%*** -0.022 ~0.041%** -0.026*** 0.000
] (-32.470) (-3.074) (-1.228) . (-66.540) (-4.346) (-1.553) i (-59.553) (-5.723) (0.175)
Price -5.364%** -5.231%%%* -1.669%** -3.075%** -2.838%K* -1.029%** -0.026%** -0.036* -0.012*
Momentum ) (-91.270) (-8.928) (-4.080) ) (-75.360) (-9.640) (-5.367) ) (-11.003) (-2.035) (-2.228)
Liquidity 8.229%** 7.335%** 1.085%%* 5.782%** 5.054% % 0.461%** 0.159%** 0.134%** 0.012%**
(Dollar Vol) (151.880) (10.374) (3.917) (153.690) (14.261) (3.892) (73.318) (9.221) (3.580)
Cash profit 0.707*** 0.621. -0.51* 1.148%** 0.669%** -0.095 -0.028%** -0.028%** 0.006*
(20.480) (1.725) (-2.441) (47.850) (3.889) (-1.135) (-20.556) (-3.569) (2.274)
ROE 1.442%%* 1.486%** 0.190 0.762%*x* 0.791%*x* 0.128 -0.010%** -0.009* 0.005%*x*
) (62.280) (3.708) (0.860) ) (47.370) (4.132) (1.362) ) (-10.272) (-2.416) (3.810)
Asset Growth 1.052%* 1.120% 0.473* 0.588%**x* 0.574. 0.198* -0.014%*%* -0.006 0.008*
) (15.610) (2.344) (2.076) ) (12.570) (1.935) (2.027) ) (-5.182) (-0.501) (2.566)
Earnings 1.362%%* 1.093%%* 0.012 1.216%%* 0.990%** 0.011 0.040%** 0.038%** -0.000
volatility ) (62.200) (8.217) (0.230) ) (79.930) (11.784) (0.622) ) (46.135) (7.684) (-0.426)
Debt/EV 1.503%** 1.514%%* -0.216. 1.202%%* 1.171%%% -0.126. 0.039%** 0.041%*x* 0.003**
) (75.760) (6.583) (-1.946) ) (87.260) (8.120) (-1.698) i (49.368) (10.548) (2.666)
Fixed Effects NO NO YES YES NO NO YES YES NO NO YES YES
Other statistics
Adj B2 0.21% 40.83% 44.03% 86.90% 0.07% 46.48% 51.93% 92.26% 0.09% 16.93% 29.26% 92.24%
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Exhibit B-U-4: Regression Specifications Analysing the Relationship Between Risk and Governance for Stocks in the US Universe

TOTAL RISK STOCK SPECIFIC RISK
Spec 1: | Spec 2: | Spec 3: | Spec 4: Dyn | Spec 5: | Spec 6: | Spec 7: | Spec 8: | Spec 9: | Spec 10: | Spec 11: | Spec 12:
Simple Multi OLS | Static FE FE Simple Multi OLS | Static FE Dyn FE Simple Multi OLS | Static FE Dyn FE
OLS OLS OLS
Lagged past i ) i 0.879*** ) i ) 0.917%** ) ) ) 0.947*%*
risk (31.758) (72.145) (62.792)
Governance -0.267*%* -0.075%** 0.061 0.010 -0.339%** -0.238%** -0.032 -0.013 -0.008%*** -0.007*** -0.010** -0.001
(-11.180) (-4.007) (0.602) (0.213) (-19.450) (-18.380) (0.504) (-0.683) (-10.500) (-9.340) (-2.816) (-0.923)
Size -9.859%** -9.119%¥* -1.315%%* 7753k -7.288%** -0.678%** -0.206%** -0.176%** -0.015%**
(-172.775) (-11.106) (-3.849) (-196.140) (-17.169) (-4.330) (-90.195) (-11.539) (-3.687)
Dividend Yield _0.571k** -0.342%% -0.039 _0.795%** _0.395%** -0.022 ~0.041%** -0.026*** 0.000
] (-33.004) (-3.052) (-1.224) ) (-66.310) (-4.334) (-1.547) ) (-58.872) (-5.703) (0.172)
Price -5.383%%x* -5.249%%* -1.669%** -3.071%** -2.845%** -1.030%** -0.025%** -0.036* -0.012*
Momentum (-91.454) (-8.914) (-4.076) (-75.320) (-9.629) (-5.364) (-10.663) (-2.036) (-2.226)
Liquidity 8.230%** 7.320%%* 1.080%** 5.786%** 5.053%%* 0.461%%* 0.159%*x* 0.135%** 0.012%**
(Dollar Vol) (151.639) (10.364) (3.914) (153.890) (14.264) (3.915) (73.383) (9.274) (3.591)
Cash profit 0.736%** 0.639. -0.508* 1.155%** 0.677%** -0.095 -0.029%** -0.028%** 0.006*
. (21.296) (1.767) (-2.43) ) (48.250) (3.918) (-1.135) ) (-21.060) (-3.599) (2.260)
ROE 1.463%%* 1.521%%* 0.195 0.752%** 0.800%** 0.128 -0.011%** -0.010%* 0.005%%*
) (63.016) (3.796) (0.870) i (46.740) (4.171) (1.362) i (-11.447) (-2.638) (3.770)
Asset Growth 0.988 % 1.087% 0.468* 0.522%** 0.550. 0.194* -0.014%%* -0.007 0.008*
) (14.633) (2.267) (2.041) ) (11.170) (1.854) (1.968) ) (-5.363) (-0.639) (2.553)
Earnings 1.347%%* 1.082%%* 0.012 1.198%*x* 0.984 %% 0.011 0.040%** 0.037%*** -0.000
volatility ) (61.366) (8.155) (0.230) i (78.740) (11.757) (0.622) ) (45.868) (7.675) (-0.411)
Debt/EV 1.509%%* 1.528%%* -0.215. 1.192%%* 1.173%%* -0.126. 0.039%** 0.040%** 0.003%*
(75.795) (6.656) (-1.925) (86.440) (8.149) (-1.705) (48.551) (10.657) (2.655)
Fixed Effects NO NO YES YES NO NO YES YES NO NO YES YES
Other statistics
Adj =2 0.12% 40.63% 43.88% 86.90% 0.36% 46.56% 51.87% 92.26% 0.10% 16.97% 29.38% 92.24%
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Exhibit B-U-5: Regression Specifications Analysing the Relationship Between Risk and Carbon for Stocks in the US Universe

TOTAL RISK STOCK SPECIFIC RISK
Spec 1: | Spec 2: | Spec 3: | Spec 4: Dyn | Spec 5: | Spec 6: | Spec 7: | Spec 8: | Spec 9: | Spec 10: | Spec 11: | Spec 12:
Simple Multi OLS | Static FE FE Simple Multi OLS | Static FE Dyn FE Simple Multi OLS | Static FE Dyn FE
OLS OLS OLS
Lagged past i ) i 0.879*** ) i ) 0.917%** ) ) i 0.947***
risk (31.775) (72.178) (62.786)
Carbon -0.485%** -0.074%** -0.011 -0.020. -0.341%*%* 0.071%*x* 0.032 -0.004 -0.010%** 0.003%** 0.004 0.000
(-36.490) (-6.573) (0.198) (-1.827) (-35.130) (9.151) (0.698) (-0.633) (-21.460) (6.798) (1.502) (-0.015)
Size -9.753% %% -9.118%** -1.294%%% -7.809%** -7.319%%* -0.671%%* -0.209%** -0.179%%* -0.015%%*
(-165.955) (-10.740) (-3.769) (-191.554) (-16.705) (-4.251) (-88.764) (-11.278) (-3.666)
Dividend Yield _0.575%%* -0.340%* -0.035 _0.805%** _0.401%** -0.022 ~0.041%** ~0.027*** 0.000
] (-33.253) (-3.075) (-1.122) ) (-67.058) (-4.407) (-1.494) ) (-59.294) (-5.896) (0.171)
Price -5.404%** -5.251%%* -1.674%R* -3.072%** -2.837HK* -1.031%** -0.025%** -0.035* -0.012*
Momentum ) (-91.761) (-8.948) (-4.087) ) (-75.204) (-9.634) (-5.367) ) (-10.580) (-1.977) (-2.224)
Liquidity 8.200%** 7.322%** 1.075%%* 5.809%** 5.059%** 0.459%*x* 0.160%** 0.135%** 0.012%**
(Dollar Vol) (150.658) (10.270) (3.880) (153.859) (14.203) (3.872) (73.628) (9.227) (3.569)
Cash profit 0.761%%* 0.640. -0.506* 1.142%** 0.675%** -0.095 -0.030%** -0.028%** 0.006*
(21.912) (1.774) (-2.430) (47.397) (3.910) (-1.126) (-21.458) (-3.594) (2.261)
ROE 1.478%%* 1.516%** 0.195 0.769%** 0.801%** 0.129 -0.010%** -0.009* 0.005%*x*
) (63.782) (3.773) (0.878) ) (47.877) (4.182) (1.373) ) (-11.011) (-2.436) (3.810)
Asset Growth 0.985%** 1.074% 0.461* 0.579%*x* 0.565. 0.195% -0.013%** -0.005 0.008*
(14.598) (2.237) (2.027) (12.363) (1.895) (2.004) (-4.675) (-0.402) (2.548)
Earnings 1.357%%* 1.081%** 0.011 1.205%** 0.982%** 0.010 0.040%** 0.037%** -0.000
volatility ) (61.825) (8.111) (0.227) ) (79.154) (11.668) (0.609) ) (46.036) (7.555) (-0.397)
Debt/EV 1.513%** 1.524%%* -0.216. 1.207%** 1.177%%* -0.126. 0.039%** 0.041%** 0.003%*
) (76.192) (6.630) (-1.951) ) (87.619) (8.153) (-1.698) i (49.205) (10.635) (2.670)
Fixed Effects NO NO YES YES NO NO YES YES NO NO YES YES
Other statistics
Adj R 1.24% 40.65% 43.88% 86.90% 1.15% 46.43% 51.88% 92.26% 0.43% 16.94% 29.31% 92.24%
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Appendix 6-C: Robustness Testing With Additional Lags As Different Instrumental
Variables
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Exhibit C-1: Sensitivity Analysis of Lagged Risk and Sustainability Coefficients Using Various Lags as Instrumental Variables for World Stocks

Combinations Lagged Risk Sustainability | Adj. R? Lagged Risk Sustainability Adj. R? Lagged Risk Sustainability Adj. R?
ESG and total risk 0.79453%** -0.0428 80.758% 0.72825%** -0.04767 75.070% 0.67589%** -0.04447 70.610%
Ei"mnmcntal and total | 704 6 g -0.03889* 80.786% 0.72833%** -0.04699* 75.070% 0.6758T*** -0.05275* 70.610%
Social and total risk 0.79511 %% 0.02316 80.782% 0.72891 %% 0.03637 75.060% 0.67655%** 0.05160. 70.600%
kav ernance and total |\ 7g g -0.06111 80.789% 0.72771%%x -0.07455 75.070% 0.67532%** -0.07192 70.610%
Carbon and total risk 0.79507%** -0.00787 80.781% 0.72888%** -0.00268 75.060% 0.67652%** 0.00314 70.600%
ESC and specific risk 0.8974TH** -0.03047%* 92.007% 0.86411%%* -0.03838%* 89.430% 0.83589%** -0.04272%* 87.090%
Environmental and | gg7gp e -0.02224* 92.004% 0.86463%** -0.02833%* 89.420% 0.83639%** -0.03379%* 87.080%
specific risk

Social and specific risk 0.89849%** -0.00234 92.001% 0.86537%** -0.00082 89.420% 0.83729%** 0.00144 87.070%
kavemance and specific | go7q e -0.05355%** 92.012% 0.86366%** -0.07158%** 89.440% 0.83535%** -0.08343%** 87.100%
Carbon and specific risk 0.89830%** -0.00984 92.002% 0.86515%** -0.01092 89.420% 0.83703%** -0.01235 87.080%
ESG and market beta 0.93058%** -0.00145%** 89.892% 0.90526%** -0.00191%** 86.410% 0.87967%** -0.00236%** 82.960%
Environmental and | 9308 -0.00006 89.856% 0.90577%%* -0.00005 86.400% 0.88027*** -0.00006 82.950%
market beta

Social and market beta 0.93102%%* -0.00049 89.856% 0.90582% % -0.00065 86.400% 0.88034%** -0.0008 82.950%
Se‘geman“e and market | g5 5 -0.00126* 89.888% 0.90517%%* -0.00182* 86.400% 0.87948%** -0.00247* 82.960%
Carbon and market beta | 0.93103%%* -0.00033 89.856% 0.90582%** -0.00037 86.400% 0.88032%** -0.00035 82.950%
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Exhibit C-2: Sensitivity Analysis of Lagged Risk and Sustainability Coefficients Using Various Lags as Instrumental Variables for World ex US Stocks

Combinations Lagged Risk Sustainability | Adj. R? Lagged Risk Sustainability Adj. R? Lagged Risk Sustainability Adj. R?
ESG and total risk 0.79219%** -0.07887. 78.572% 0.72196%** -0.09788. 72.134% 0.66335%** -0.10872. 66.890%
ii:‘m“mc“tal and total | g0 g -0.06651%* 78.561% 0.72287%** -0.08331%* 72.118% 0.66433%%* -0.09614%* 66.873%
Social and total risk 0.79395%** 0.01171 78.543% 0.72408%** 0.01586 72.090% 0.66573%** 0.022 66.836%
kav ernance and total | 7g g s -0.04241 78.548% 0.72321 %% -0.05751 72.098% 0.66476%** -0.05871 66.844%
Carbon and total risk 0.79386%** -0.00918 78.543% 0.72398%** -0.00505 72.089% 0.66561%** 0.00002 66.834%
ESC and specific risk 0.89663%** -0.04050* 90.815% 0.86134%%% -0.05302* 87.744% 0.83000%** -0.06154* 84.909%
Environmental and | gg7ageas -0.03327** 90.810% 0.86242%%* -0.04296%* 87.735% 0.83119%%* -0.05109%** 84.898%
specific risk

Social and specific risk 0.89844%* 0.00089 90.803% 0.86364%** 0.00105 87.723% 0.83265%** 0.00253 84.881%
S;gemance and specific | gozg0was -0.04869* 90.814% 0.86217%** -0.06848* 87.743% 0.83094%** -0.08253* 84.910%
Carbon and specific risk | 0.89829%%* -0.00838 90.804% 0.86347%*x -0.00944 87.794% 0.83245%** -0.0105 84.852%
ESC and market beta 0.93659%** -0.00128%* 90.626% 0.91305%** -0.00163%* 87.324% 0.88931%** -0.00196%* 84.045%
Environmental and | 936905k -0.00049 90.623% 0.91343 %% -0.00061 87.318% 0.88975%** -0.00072 84.036%
market beta

Social and market beta 0.93700%** -0.00051 90.622% 0.91355 %% -0.00067 87.318% 0.88991%** -0.00083 84.036%
Se‘geman“e and market | g 660w -0.00087 90.623% 0.91315%** -0.00116 87.319% 0.88941%** -0.00145 84.038%
Carbon and market beta | 0.93708%%* -0.0005 90.623% 0.91365%** -0.0006 87.318% 0.89001 *** -0.0006 84.036%

112




Exhibit C-3: Sensitivity Analysis of Lagged Risk and Sustainability Coefficients Using Various Lags as Instrumental Variables for US Stocks

Combinations Lagged Risk Sustainability Adj. R? Lagged Risk Sustainability Adj. R? Lagged Risk Sustainability Adj. R?
ESG and total risk 0.78959% % 0.02999 81.088% 0.71823 %% 0.04625 75.264% 0.66099%** 0.05529 70.453%
ifﬁ”wnmental and total | 7gg56wex -0.02337* 81.087% 0.71838%** -0.02866* 75.260% 0.66112%** -0.04091* 70.449%
Social and total risk 0.78919%** 0.09544%* 81.100% 0.71780%** 0.12726%** 75.283% 0.66052%** 0.15455%* 70.481%
S:kvcmancc and - total | ogg g 0.01918 81.087% 0.71855%%* 0.03616 75.260% 0.66136%** 0.05775 70.450%
Carbon and total risk 0.78990%** 0.01297 81.087% 0.71873%** 0.02131 75.260% 0.66159%** 0.0214 70.447%
ESG and specific risk 0.85352%% -0.00374 88.631% 0.80492%** -0.0042 85.013% 0.76443%%* -0.00657 81.726%
Environmental and | gpggaees -0.00995 88.632% 0.80466%** -0.01317 85.014% 0.76401%** -0.02038 81.727%
specific risk

Social and specific risk 0.85335%** 0.02641 88.633% 0.80470%** 0.03511 85.016% 0.76415%%* 0.04212. S1.731%
S;’kvemnce and specific | gogr i -0.0215 88.632% 0.80499%%* -0.02615 85.015% 0.76450%%* -0.02667 81.727%
Carbon and specific risk 0.85352%% 0.00143 88.631% 0.80493 %% 0.00214 85.013% 0.76436%** -0.00168 81.726%
ESG and market beta 0.91097%%* -0.00158* 88.675% 0.88046%** -0.00218* 84.947% 0.84966%** -0.00280* 81.343%
Environmental and | gqq g% 0.0002 88.669% 0.88115%%* 0.00026 84.937% 0.85050%%* 0.00026 81.326%
market beta

Social and market beta 0.91137%** -0.00113 88.671% 0.88101%** -0.00162 84.940% 0.85034%** -0.00208. 81.331%
Se‘gemance and market | o)) 07w -0.00112 88.671% 0.88080%** -0.00189 84.941% 0.85001%** -0.00286. 81.335%
Carbon and market beta | 0.91146%%* -0.00019 88.669% 0.88112%** -0.00023 84.937% 0.85047%%* -0.00027 81.326%
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Appendix 6-D: Sustainability and Risk Across Sustainability Dimensions

Exhibit D-1: Quantile Regression Specifications Analysing the Relationship Between Risk and Environmental Scores Across The Risk Spectrum

TOTAL RISK

STOCK SPECIFIC RISK

Spec 1: 25% Spec 2: 50% Spec 3: 75% Spec 4: 25% Spec 5: 50% Spec 6: 75% Spec 7: 25% Spec 8: 50% Spec 9: 75%
Percentile Percentile Percentile Percentile Percentile Percentile Percentile Percentile Percentile
World Universe
Lagged past risk 0.747%%* 0.749%** 0.752%** 0.860*** 0.874*** 0.897*** 0.922%** 0.931 *** 0.940 ***
(478.600) (393.657) (259.357) (495.934) (508.139) (397.484) (655.103) (809.604) (544.034)
Environmental -0.008** -0.023*** -0.050%** -0.001 -0.010 *** -0.025%** 0.001%** -0.000 -0.001%**
(-2.011) (-4.703) (-6.085) (-0.491) (-3.934) (-5.751) (-3.053) (0.932) (-4.158)
Fixed Ej ects YES YES YES YES YES YES YES YES YES
World ex-US Universe
Lagged past risk 0.734%** 0.732%** 0.730%** 0.839%*** 0.852%** 0.874%*** 0.967*** 0.977*** 0.987***
(431.857) (368.498) (236.369) (332.442) (357.109) (313.136) (519.661) (663.335) (415.708)
Environmental -0.011% -0.032%** -0.066*** -0.003 -0.014%** -0.030%** 0.000 -0.001%* -0.001***
(-2.341) (-5.228) (-6.286) (-1.012) (-3.870) (-5.192) (1.129) (-2.506) (-4.811)
Fixed Ej ects YES YES YES YES YES YES YES YES YES
US Universe
Lagged past risk 0.760%*** 0.771%** 0.789%** 0.810%*** 0.830%** 0.862%** 0.787*** 0.800%*** 0.814%**
(380.176) (353.401) (253.814) (190.315) (215.991) (211.639) (441.141) (579.981) (470.458)
Environmental -0.0076 -0.0181* -0.0361** 0.0045 0.0018 -0.0024 0.0008* 0.0002 -0.0003
(-0.232) (-2.424) (-2.889) (0.240) (0.386) (-0.344) (-2.883) (0.974) (-0.704)
Fixed Ej ects YES YES YES YES YES YES YES YES YES
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Exhibit D-2: Quantile Regression Specifications Analysing the Relationship Between Risk and Social Scores Across The Risk Spectrum

TOTAL RISK

STOCK SPECIFIC RISK

Spec 1: 25% Spec 2: 50% Spec 3: 75% Spec 4: 25% Spec 5: 50% Spec 6: 75% Spec 7: 25% Spec 8: 50% Spec 9: 75%
Percentile Percentile Percentile Percentile Percentile Percentile Percentile Percentile Percentile
World Universe
Lagged past risk 0.760*** 0.771%** 0.789%*** 0.810%** 0.830%*** 0.862%** 0.787*** 0.800*** 0.814%**
(380.176) (353.401) (253.814) (190.315) (215.991) (211.639) (441.141) (579.981) (470.458)
Social -0.0076 -0.0181* -0.0361** 0.0045 0.0018 -0.0024 0.0008 * 0.0002 -0.0003
(0.232) (-2.424) (-2.889) (0.240) (0.386) (0.344) (2.883) (0.974) (0.704)
Fixed Ej ects YES YES YES YES YES YES YES YES YES
World ex-US Universe
Lagged past risk 0.734%** 0.732%** 0.731%*** 0.839%** 0.853*** 0.875%** 0.967*** 0.977*** 0.987***
(435.400) (362.214) (230.005) (335.166) (358.844) (312.815) (518.466) (659.784) (410.239)
Social 0.026*** 0.014. -0.005 0.013*** 0.006 -0.005 -0.000 -0.000 -0.000
(4.527) (1.912) (0.430) (3.761) (1.558) (-0.733) (0.446) (-0.908) (-1.033)
Fixed Ej ects YES YES YES YES YES YES YES YES YES
US Universe
Lagged past risk 0.760%*** 0.771%** 0.789%** 0.810 *** 0.831%** 0.862%** 0.786*** 0.800%*** 0.814%**
(378.237) (353.263) (254.577) (190.229) (216.164) (212.216) (439.592) (580.589) (470.928)
Social 0.054 *** 0.045%** 0.029. 0.015%* 0.011* 0.007 -0.000 -0.001% -0.001%**
(6.529) (4.543) (1.773) (3.068) (2.043) (0.753) (0.667) (-2.01) (-2.782)
Fixed Ej ects YES YES YES YES YES YES YES YES YES
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Exhibit D-3: Quantile Regression Specifications Analysing the Relationship Between Risk and Governance Scores Across The Risk Spectrum

TOTAL RISK

STOCK SPECIFIC RISK

Spec 1: 25% Spec 2: 50% Spec 3: 75% Spec 4: 25% Spec 5: 50% Spec 6: 75% Spec 7: 25% Spec 8: 50% Spec 9: 75%
Percentile Percentile Percentile Percentile Percentile Percentile Percentile Percentile Percentile
World Universe
Lagged past risk 0.747 ** 0.749%** 0.752%** 0.859%** 0.874%*** 0.897*** 0.922%** 0.931*** 0.940***
(476.872) (394.492) (261.156) (493.919) (507.423) (400.073) (646.328) (813.293) (548.608)
Governance -0.011** -0.019%** -0.032%** -0.010%** -0.017*** -0.028*** -0.000 -0.001* -0.001%**
(-2.654) (-3.550) (-3.649) (-3.292) (-5.278) (-5.735) (-1.108) (-2.444) (-3.045)
Fixed Ej ects YES YES YES YES YES YES YES YES YES
World ex-US Universe
Lagged past risk 0.734%** 0.732%** 0.730%** 0.839%** 0.853%** 0.874%** 0.967*** 0.977*** 0.987***
(429.788) (367.548) (236.624) (332.581) (357.401) (314.719) (515.320) (665.332) (417.101)
Governance 0.001 -0.007 -0.020. -0.004 -0.012%** -0.024%** 0.000 -0.000 -0.001%*
(0.270) (-1.011) (-1.775) (-1.000) (-2.771) (-3.693) (0.569) (-1.244) (-2.740)
Fixed Ej ects YES YES YES YES YES YES YES YES YES
US Universe
Lagged past risk 0.760%*** 0.771%** 0.789%** 0.810%*** 0.831%*%* 0.862%** 0.786*** 0.800%*** 0.814%**
(378.237) (353.263) (254.577) (190.229) (216.164) (212.216) (439.592) (580.589) (470.928)
Governance 0.002 0.005 0.011 -0.014%** -0.013* -0.012 -0.000 -0.000 -0.001%
(0.324) (0.589) (0.675) (-2.923) (-2.352) (-1.416) (-0.114) (-1.335) (-2.173)
Fixed EJ ects YES YES YES YES YES YES YES YES YES
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Exhibit D-4: Quantile Regression Specifications Analysing the Relationship Between Risk and Carbon Scores Across The Risk Spectrum

TOTAL RISK

STOCK SPECIFIC RISK

Spec 1: 25% Spec 2: 50% Spec 3: 75% Spec 4: 25% Spec 5: 50% Spec 6: 75% Spec 7: 25% Spec 8: 50% Spec 9: 75%
Percentile Percentile Percentile Percentile Percentile Percentile Percentile Percentile Percentile
World Universe
Lagged past risk 0.747%%* 0.749%** 0.752%** 0.860*** 0.874*** 0.897*** 0.922%** 0.931*** 0.940***
(476.951) (393.214) (259.503) (493.886) (506.833) (396.022) (651.976) (807.239) (539.303)
Carbon -0.002 -0.013** -0.033%** 0.001 -0.007** -0.020%** 0.000 -0.000** -0.001%**
(-0.524) (-2.862) (-4.342) (0.607) (-2.745) (-4.796) (1.399) (-2.606) (-5.228)
Fixed Ej ects YES YES YES YES YES YES YES YES YES
World ex-US Universe
Lagged past risk 0.734%** 0.732%** 0.730%** 0.839%** 0.853*** 0.874%** 0.967*** 0.977*** 0.987***
(435.069) (362.844) (230.262) (331.443) (356.031) (310.598) (518.145) (657.466) (408.838)
Carbon 0.003 -0.010 -0.029** 0.004 -0.004 -0.016** 0.000 -0.001% -0.001%**
(0.593) (-1.650) (-2.916) (1.429) (-1.105) (-2.760) (0.362) (-2.409) (-3.917)
Fixed Ef ects YES YES YES YES YES YES YES YES YES
US Universe
Lagged past risk 0.760%** 0.771%** 0.789%*** 0.810%** 0.831%** 0.862%** 0.786%** 0.800*** 0.814%**
(378.237) (353.263) (254.577) (190.229) (216.164) (212.216) (439.592) (580.589) (470.928)
Carbon -0.003 -0.014% -0.032%* 0.005 -0.000 -0.008 0.001%** 0.000 -0.001%*
(-0.468) (-2.113) (-3.050) (1.321) (-0.068) (-1.331) (2.787) (0.058) (-2.620)
Fixed Ej ects YES YES YES YES YES YES YES YES YES
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Appendix 6-E: Sustainability and Risk in the Context of COVID-19

Exhibit E-1: Dynamic Fixed EJ} ects Regression Speci/cations Analysing the Relationship Between Risk and E Scores during COVID

TOTAL RISK

STOCK SPECIFIC RISK

Spec 1: All Period Spec 2: With COVID Spec 3: All Period Spec 4: With COVID Spec 5: All Period Spec 6: With COVID
Binary Variable Binary Variable Binary Variable
World Universe
Lagged past risk 0.873%** 0.828*** 0.939%** 0.932%** 0.954%** 0.956%**
(27.607) (17.900) (106.716) (77.003) (89.772) (93.963)
COVID 2.990* 0.778. 0.003
(2.219) (1.877) (0.351)
COVID x Environmental -0.088 -0.030 -0.001
(-1.449) (-1.223) (-1.068)
Environmental -0.030. -0.028%* -0.016* -0.013* -0.000 0.000
(1.969) (-2.190) (2.289) (-2.376) (-0.309) (0.224)
Adj R? 87.32% 88.13% 94.51% 94.69% 93.22% 93.38%
World ex US Universe
Lagged past risk 0.880*** 0.823*** 0.941%** 0.930*** 0.961*** 0.961***
(31.175) (18.121) (119.129) (83.228) (114.462) (114.308)
COVID 3.339* 0.981%* -0.007
(2.393) (2.375) (-1.614)
COVID x Environmental -0.059 -0.032. 0.001
(1.374) (-1.881) (0.702)
Environmental -0.044%* -0.072%* -0.021%** -0.023%* -0.000 -0.001.
(-2.400) (3.099) (-2.646) (2.779) (1.547) (-1.717)
Adj B? 86.06% 87.16% 93.95% 94.09% 93.97% 93.97%
US Universe
Lagged past risk 0.879%** 0.772%** 0.917*** 0.885%*** 0.947%** 0.947***
(31.730) (13.249) (72.144) (39.650) (62.802) (62.903)
COVID 5.322% 1.510. 0.003
(2.393) (1.874) (0.153)
COVID x Environmental -0.092 -0.004 -0.000
(1.345) (0.125) (0.461)
Environmental -0.025%* -0.024 0.034 -0.002 0.002 0.000
(-2.056) (1.311) (0.604) (0.231) (0.677) (0.737)
Adj R? 88.51% 88.60% 92.61% 92.26% 92.24% 92.24%
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Exhibit E-2: Dynamic Fixed E} ects Regression Speci/cations Analysing the Relationship Between Risk and S Scores during COVID

TOTAL RISK

STOCK SPECIFIC RISK

Spec 1: All Period Spec 2: With COVID Spec 3: All Period Spec 4: With COVID Spec 5: All Period Spec 6: With COVID
Binary Variable Binary Variable Binary Variable
World Universe
Lagged past risk 0.873%** 0.829%** 0.939%** 0.932%** 0.954%** 0.956%**
(27.840) (0.046) (108.046) (77.189) (89.835) (93.439)
COVID 3.164%* 0.819%* 0.015
(2.196) (1.986) (1.330)
COVID x Social -0.141 -0.044 -0.003*
(-1.560) (-1.549) (-2.156)
Social 0.011 0.004 -0.003 -0.003 -0.000 0.000
(0.692) (0.307) (0.500) (0.545) (1.093) (1.220)
i R2
Adj B 87.30% 88.10% 94.50% 94.70% 93.20% 93.40%
World ex US Universe
Lagged past risk 0.880*** 0.825%** 0.941%** 0.931%** 0.961*** 0.961***
(31.412) (18.250) (120.944) (83.228) (114.315) (114.334)
COVID 3.356% 0.950%* 0.003
(2.409) (2.366) (0.510)
COVID x Social -0.076 -0.033. -0.001
(-1.510) (-1.817) (-1.199)
Social 0.009 -0.029 0.002 -0.005 -0.000 0.000
(0.618) (-1.365) (0.261) (-0.632) (-0.475) (0.536)
i R2
Adj B 86.05% 87.14% 93.95% 94.08% 93.97% 93.97%
US Universe
Lagged past risk 0.878%** 0.772%** 0.917%** 0.884%** 0.947*** 0.946%**
(31.748) (13.229) (72.078) (39.521) (62.849) (62.006)
COVID 5.732% 1.712* 0.022
(2.327) (2.074) (0.831)
COVID x Social -0.196. -0.047 -0.005.
(1.497) (1.247) (1.570)
Social 0.045%* 0.019 0.012 -0.006 -0.001 0.001
(2.310) (0.845) (1.355) (0.554) (-1.143) (1.172)
Y]
Adj & 86.90% 88.51% 92.30% 92.61% 92.20% 92.24%
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Exhibit E-3: Dynamic Fixed E} ects Regression Speci/cations Analysing the Relationship Between Risk and G Scores during COVID

TOTAL RISK
Spec 1: All Period

Spec 2: With COVID
Binary Variable

STOCK SPECIFIC RISK
Spec 3: All Period

Spec 4: With COVID
Binary Variable

Spec 5: All Period

Spec 6: With COVID
Binary Variable

World Universe

Lagged past risk 0.873%** 0.828%** 0.939%** 0.932%** 0.954%** 0.956%***
(27.846) (18.125) (109.000) (79.271) (89.475) (93.802)
COVID 1.579%* 0.419%* -0.004
(2.707) (2.702) (0.707)
COVID x Governance 0.155 0.031 0.001
(1.572) (0.928) (0.420)
Governance -0.015 -0.056. -0.019* -0.027% -0.001. -0.001.
(-0.573) (-1.843) (-1.977) (-2.525) (-1.655) (1.769)
Y
Adj R 87.31% 88.12% 91.51% 94.60% 93.22% 93.38%
World ex US Universe
Lagged past risk 0.880*** 0.823*** 0.941*** 0.930*** 0.961%** 0.961***
(31.464) (18.124) (121.697) (83.229) (113.994) (114.026)
COVID 2.108** 0.744** -0.011.
(2.887) (3.357) (-1.954)
COVID x Governance 0.154 0.007 0.001
(1.643) (0.243) (1.106)
Governance -0.012 -0.098%* -0.018* -0.033** -0.001 -0.001
(0.592) (-2.493) (-2.135) (-2.730) (1.305) (1.384)
Y]
Adj R 86.05% 87.16% 93.95% 94.09% 93.97% 93.97%
US Universe
Lagged past risk 0.879%** 0.773%** 0.917%** 0.885%** 0.947%** 0.947%**
(31.758) (13.386) (72.145) (39.875) (62.849) (62.933)
COVID 4.648%* 1.225. -0.000
(2.505) (1.958) (0.016)
COVID x Governance 0.029 0.047 0.000
(0.325) (1.218) (0.048)
Governance 0.010 -0.027 -0.013 -0.033* -0.001 -0.000
(0.213) (-0.698) (-0.683) (2.187) (-1.143) (0.898)
Y
Adj R 88.50% 88.58% 92.26% 92.61% 92.24% 92.24%
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Exhibit E-4: Dynamic Fixed EJ} ects Regression Speci/cations Analysing the Relationship Between Risk and Carbon Scores during

COVID
TOTAL RISK STOCK SPECIFIC RISK
Spec 1: All Period Spec 2: With COVID Spec 3: All Period Spec 4: With COVID Spec 5: All Period Spec 6: With COVID
Binary Variable Binary Variable Binary Variable
World Universe
Lagged past risk 0.873%** 0.828*** 0.939%** 0.932%** 0.954%** 0.956%**
(27.813) (17.846) (107.362) (76.558) (89.757) (94.028)
COVID 3.500* 0.995. 0.010
(2.260) (1.976) (0.986)
COVID x Carbon -0.134. -0.052. -0.001.
(-1.828) (-1.667) (1.778)
Carbon -0.016 -0.002 -0.011. -0.003 -0.000 0.000
(1.581) (0.167) (1.776) (0.649) (1.312) (0.006)
Y
Adj B §7.31% §8.14% 94.51% 94.69% 93.22% 93.38%
World ex US Universe
Lagged past risk 0.880*** 0.824%*** 0.941%** 0.930%** 0.961%** 0.961%**
(31.428) (18.255) (120.552) (82.881) (114.247) (114.308)
COVID 3.653* 1.097* -0.002
(2.386) (2.275) (-0.386)
COVID x Carbon -0.087. -0.040. -0.000
(1.718) (1.815) (-0.446)
Carbon -0.016 -0.034%* -0.009 -0.010 -0.000 -0.000
(-1.417) (-2.437) (1.301) (-1.539) (-1.610) (-1.055)
Y
Adj R 86.05% 87.15% 93.95% 94.09% 93.97% 93.97%
US Universe
Lagged past risk 0.879%** 0.771%** 0.917%** 0.884%** 0.947*%* 0.947*%*
(31.775) (13.097) (72.178) (39.003) (62.786) (62.834)
COVID 5.887* 1.781. 0.008
(2.370) (1.905) (0.396)
COVID x Carbon -0.153. -0.042 -0.001
(-1.677) (1.000) (0.983)
Carbon -0.020. -0.006 -0.004 0.000 0.000 0.000
(-1.827) (-0.287) (-0.633) (0.022) (-0.015) (0.661)
Y
Adj R 86.90% §8.53% 92.26% 92.61% 92.24% 92.24%
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Appendix 6-F: Sustainability and Forward Risk

Exhibit F-1: Dynamic Fixed EJ ects Regression Speci/cations Analysing the Relationship Between Forward Risk and E Scores

TOTAL RISK

STOCK SPECIFIC RISK

Spec 1: 6 month Spec 2: 1 year Spec 3: 6 month Spec 4: 12 month Spec 5: 6 month Spec 6: 12 month
forward risk forward risk forward risk forward risk forward risk forward risk
World Universe
Lagged past risk 0.895%*** 0.666*** 0.942%** 0.821*** 0.409%** 0.380***
(21.706) (21.555) (72.579) (61.885) (33.118) (31.030)
Environmental 0.043. 20.092%** 20.020* C0.054%*% 20.004%** 20.005%**
(-1.825) (-3.545) (-2.027) (-3.880) (-4.973) (-4.723)
Y
Adj B 76.10% 70.00% 89.40% 80.70% 69.00% 62.20%
World ex US Universe
Lagged past risk 0.883*** 0.675%** 0.929%** 0.675%** 0.377*** 0.349%**
(21.14) (21.71) (75.64) (21.71) (34.43) (28.60)
Environmental -0.039 -0.109%** -0.016 -0.063%*** -0.006%*** -0.007***
(-1.43) (-3.57) (-1.43) (-3.53) (-5.74) (-5.95)
P2
Adj R 73.10% 65.80% 88.40% 65.80% 65.90% 59.70%
US Universe
Lagged past risk 0.940%*** 0.635%** 0.919%** 0.755%** 0.433*** 0.376***
(22.654) (23.086) (37.889) (32.734) (21.826) (22.232)
Environmental -0.063* -0.108%* -0.040%** -0.057% -0.004%* -0.005**
(-2.169) (-2.812) (-2.750) (-2.237) (-2.575) (-2.760)
P2
Adj R 74.20% 71.90% 83.90% 77.30% 67.00% 64.00%
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Exhibit F-2: Dynamic Fixed Ej ects Regression Speci/cations Analysing the Relationship Between Forward Risk and S Scores

TOTAL RISK

STOCK SPECIFIC RISK

Spec 1: 6 month Spec 2: 1 year Spec 3: 6 month Spec 4: 12 month Spec 5: 6 month Spec 6: 12 month
forward risk forward risk forward risk forward risk forward risk forward risk
World Universe
Lagged past risk 0.896%*** 0.667*** 0.943%** 0.822%** 0.410%** 0.381***
(21.835) (21.702) (73.250) (62.210) (33.138) (31.085)
Social 0.037 0.009 0.004 -0.021 -0.001 -0.000
(1.642) (0.313) (0.431) (-1.454) (-0.840) (-0.224)
; 2
Adj R 76.10% 69.90% 89.40% 80.70% 65.90% 62.10%
World ex US Universe
Lagged past risk 0.883*** 0.676*** 0.929%** 0.676%** 0.378%** 0.351%**
(21.31) (22.08) (76.55) (22.08) (34.26) (28.50)
Social 0.009 0.013 -0.005 -0.012 -0.001 -0.001
(0.47) (0.38) (-0.51) (-0.66) (-0.64) (-0.53)
Y]
Adj B 73.10% 65.80% 88.40% 65.80% 68.70% 59.50%
US Universe
Lagged past risk 0.940%%% 0.635%%% 0.920%%% 0.755%%% 0.433%%% 0.377F**
(22.720) (23.238) (38.014) (32.946) (21.822) (22.275)
Social 0.086. 0.148** 0.021 0.038 0.001 0.001
(1.901) (3.022) (1.071) (1.364) (0.937) (0.589)
Y]
Adj R 74.20% 71.90% 83.90% 77.30% 67.00% 61.00%
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Exhibit F-3: Dynamic Fixed EJ ects Regression Speci/cations Analysing the Relationship Between Forward Risk and G Scores

Spec 1: 6 month
forward risk

TOTAL RISK

Spec 2: 1 year
forward risk

STOCK SPECIFIC RISK

Spec 3: 6 month
forward risk

Spec 4: 12 month
forward risk

Spec 5: 6 month
forward risk

Spec 6: 12 month
forward risk

World Universe

Lagged past risk 0.8067* 0.6677 % 0.9437%% 0.8217%% 0.408% %% 0.379% %%
(21.945) (21.677) (74.244) (62.823) (33.088) (30.985)
Governance 0.004 0.011 0.005 -0.032. -0.006*** -0.005%**
(0.101) (0.261) (0.334) (-1.714) (-6.170) (-5.026)
7 2
Adj R 76.10% 69.90% 89.40% 80.70% 69.10% 62.30%
World ex US Universe
Lagged past risk 0.884% % 0.676%%* 0.930% %% 0.6767%* 0.376%%% 0.349% %%
(21.39) (22.04) (77.45) (22.04) (34.23) (28.37)
Governance 0.046 -0.019 0.022 -0.039. -0.005*** -0.005***
(1.35) (-0.47) (1.58) (-1.73) (-4.11) (-3.67)
7 2
Adj R 73.10% 65.80% 88.40% 65.80% 68.70% 59.60%
US Universe
Lagged past risk 0.9417FF% 0.6367* 0.9207% 0.756%%* 0.4327%% 0.3767**
(22.748) (23.183) (38.073) (32.920) (21.944) (22.332)
Governance 0.083 20,016 0.040 20.062 20.007FF% 20.006%*
(1.073) (-0.237) (1.200) (-1.551) (-3.395) (3.107)
TR
Adj R 74.20% 71.90% 83.90% 77.30% 67.00% 64.00%
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Exhibit F-4 Dynamic Fixed EJects Regression Speci/cations Analysing the Relationship Between Forward Risk and Carbon Scores

Spec 1: 6 month
forward risk

TOTAL RISK
Spec 2: 1 year
forward risk

STOCK SPECIFIC RISK

Spec 3: 6 month
forward risk

Spec 4: 12 month
forward risk

Spec 5: 6 month
forward risk

Spec 6: 12 month
forward risk

World Universe

Lagged past risk 0.896%%+ 0.667% %% 0.9427%% 0.8217%% 0.4107%% 0.3817 %
(21.807) (21.681) (72.873) (62.132) (33.185) (31.119)
Carbon -0.031. S0.071°% Z0.021% 20.0527 %% 20.0037 %% 20.003%%%
(-1.808) (-3.138) (-2.344) (-3.801) (-4.028) (-3.723)
7 2
Adj R 76.10% 69.90% 89.40% 80.70% 69.00% 62.20%
World ex US Universe
Lagged past risk 0.883% % 0.6747 %% 0.9297%% 0.676%%* 0.378% %% 0.3517%%
(21.31) (21.71) (76.55) (22.09) (28.56) (28.56)
Carbon 20.021 20.052* 20.016 20.051. 200047 7% 2000475
(-1.33) (-2.61) (-0.80) (-1.95) (-3.79) (-3.79)
7 2
Adj R 73.10% 65.80% 88.40% 65.80% 59.80% 59.50%
US Universe
Lagged past risk 0.0417 % 0.6367* 0.9207% 0.755%%% 0.4337%% 0.377%%%
(22.751) (23.202) (38.008) (32.849) (21.837) (22.225)
Carbon 0.022 20.079%% 20,017 0.0617% 20.004%% 20.005%F
(0.963) (2.647) (1.260) (2.978) (3.199) (3.330)
TR
Adj R 74.20% 71.90% 83.90% 77.30% 67.00% 64.00%
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Exhibit F-3: Dynamic Fixed Ejects Regression SpeciZcations Analysing the Relationship Between Forward Risk and G Scores

TOTAL RISK

STOCK SPECIFIC RISK

Spec 6: 12 month

Spec 1: 6 month Spec 2: 1 year Spec 3: 6 month Spec 4: 12 month Spec 5: 6 month
forward risk forward risk forward risk forward risk forward risk forward risk
World Universe
Lagged past risk 0.896*** 0.667*** 0.943*** 0.821*** 0.408%** 0.379***
(21.945) (21.677) (74.244) (62.823) (33.088) (30.985)
Governance 0.004 0.011 0.005 -0.032. -0.006*** -0.005%**
(0.101) (0.261) (0.334) (-1.714) (-6.170) (-5.026)
. 2
Adj R 76.10% 69.90% 89.40% 80.70% 69.10% 62.30%
World ex US Universe
Lagged past risk 0.884*** 0.676*** 0.930%** 0.676*** 0.376%** 0.349%***
(21.39) (22.04) (77.45) (22.04) (34.23) (28.37)
Governance 0.046 -0.019 0.022 -0.039. -0.005%** -0.005%**
(1.35) (-0.47) (1.58) (-1.73) (-4.11) (-3.67)
. 2
Adj R 73.10% 65.80% 88.40% 65.80% 68.70% 59.60%
US Universe
Lagged past risk 0.941%** 0.636*** 0.920%*** 0.756%** 0.432%** 0.376***
(22.748) (23.183) (38.073) (32.920) (21.944) (22.332)
Governance 0.083 -0.016 0.040 -0.062 -0.007*** -0.006**
(1.073) (-0.237) (1.200) (-1.551) (-3.395) (3.107)
Y]
Adj R 74.20% 71.90% 83.90% 77.30% 67.00% 61.00%
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Exhibit F-4 Dynamic Fixed EJects Regression Speci/cations Analysing the Relationship Between Forward Risk and Carbon Scores

Spec 1: 6 month
forward risk

TOTAL RISK
Spec 2: 1 year
forward risk

STOCK SPECIFIC RISK

Spec 3: 6 month
forward risk

Spec 4: 12 month
forward risk

Spec 5: 6 month
forward risk

Spec 6: 12 month
forward risk

World Universe

Lagged past risk 0.896%%+ 0.667% %% 0.9427%% 0.8217%% 0.4107%% 0.3817 %
(21.807) (21.681) (72.873) (62.132) (33.185) (31.119)
Carbon -0.031. S0.071°% Z0.021% 20.0527 %% 20.0037 %% 20.003%%%
(-1.808) (-3.138) (-2.344) (-3.801) (-4.028) (-3.723)
7 2
Adj R 76.10% 69.90% 89.40% 80.70% 69.00% 62.20%
World ex US Universe
Lagged past risk 0.883% % 0.6747 %% 0.9297%% 0.676%%* 0.378% %% 0.3517%%
(21.31) (21.71) (76.55) (22.09) (28.56) (28.56)
Carbon 20.021 20.052* 20.016 20.051. 200047 7% 2000475
(-1.33) (-2.61) (-0.80) (-1.95) (-3.79) (-3.79)
7 2
Adj R 73.10% 65.80% 88.40% 65.80% 59.80% 59.50%
US Universe
Lagged past risk 0.0417 % 0.6367* 0.9207% 0.755%%% 0.4337%% 0.377%%%
(22.751) (23.202) (38.008) (32.849) (21.837) (22.225)
Carbon 0.022 20.079%% 20,017 0.0617% 20.004%% 20.005%F
(0.963) (2.647) (1.260) (2.978) (3.199) (3.330)
TR
Adj R 74.20% 71.90% 83.90% 77.30% 67.00% 64.00%
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7 Concluding Remarks

7.1 Conclusion

This thesis set out to examine the interplay between sustainability metrics and both fund performance
and financial risk, contributing to a rapidly evolving literature on ESG investing. Two complementary
strands of analysis were pursued. First, Chapter 1 explored whether sustainability systematically aligns
with established equity risk factors and whether ESG characteristics enhance fund returns. Second,
Chapter 2 scrutinised the relationship between ESG and financial risk at the stock level, employing
robust econometric techniques, including a two-stage least squares (2SLS) framework, to address

endogeneity concerns.

Although at first sight the conclusions of Chapters 1 and 2 might appear contradictory, they are not.
Chapter 1 demonstrates that high governance scores correlate with enhanced fund-level alpha, whereas
the overall ESG profile exhibits minimal or inconsistent links to defensive factor exposures. Chapter 2,
by contrast, does not find a robust relationship between governance and financial risk once rigorous

controls for endogeneity are applied.

In reconciling these findings, several factors emerge: (1) The governance dimensions that drive fund-
level alpha may capture aspects of corporate oversight and managerial decisions that go beyond the
passive ‘building blocks’ employed in standard risk models. By contrast, in the stock-level risk analysis
of Chapter 2, some governance effects may already be subsumed in fundamental controls—such as
earnings quality or firm size—thus reducing governance’s direct explanatory power. (2) The contrast
between fund-level and stock-level analyses is equally important. Fund managers, through active
selection and weighting of companies, may exploit governance characteristics to generate alpha in a way
that is not reflected in a straightforward regression of stock-level risk on governance scores, in which
the weights of stocks are not adjusted dynamically. In such a setting, systemic or macroeconomic factors
could overshadow firm-specific governance effects, especially during highly volatile periods.
Consequently, the governance elements that contribute to alpha in Chapter 1 need not necessarily
manifest as a significant reduction in total or idiosyncratic risk at the stock level in Chapter 2. (3) Far
from being contradictory, these results highlight the dimension-specific impacts of ESG: governance can

matter for alpha generation without functioning as a universal hedge against broader financial risk.
7.2 Key Findings

The findings across the two chapters collectively challenge several widespread assumptions in both

academic and practitioner circles:
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1. Defensive Factor Alignment: Contrary to earlier studies suggesting that ESG—particularly
environmental and social dimensions—aligns with so-called ‘defensive’ factors (e.g., low-
volatility or quality), this thesis demonstrates that once factor exposures and methodological
rigour are accounted for, ESG scores do not exhibit consistent defensive properties. At the fund
level, market beta emerges as the dominant driver of returns; moreover, disaggregated analysis
reveals that funds with higher environmental or social scores tilt more towards momentum,

rather than low volatility.

2. Governance and Fund Performance: Governance shows a nuanced but meaningful effect
on performance, particularly through alpha generation in the mid-to-upper percentiles of fund
returns. This contrasts with much of the literature that treats ESG as a monolithic construct.

The results here underscore the specificity of governance as the most influential dimension for

3. fund-level outperformance, consistent with prior research highlighting governance’s critical role

in reducing agency conflicts (Gompers, Ishii, and Metrick 2003).

4. ESG and Financial Risk at the Firm Level: The more rigorous 2SLS approach employed
in Chapter 2 dramatically diminishes previously observed correlations between ESG and reduced
financial risk. Once endogeneity is accounted for, broad ESG scores largely lose their statistical
significance in explaining total, idiosyncratic, or market risk, with coefficients often shrinking
by orders of magnitude. The study’s results do not discount the possibility that ESG,
particularly governance, may have a latent long-term effect on corporate resilience, but they do
caution against interpreting short-to-medium-term correlations as evidence of strong risk

mitigation.

7.3 Policy Implications

From a policy perspective, these findings offer several insights:

1. Refinement of Regulatory Focus: Given that aggregate ESG scores do not reliably mitigate
financial risk, regulators might consider placing greater emphasis on corporate governance
standards. This thesis highlights governance as the most influential dimension for enhancing
fund-level alpha and potentially improving long-term operational stability. Further
strengthening mandatory disclosures around board composition, executive remuneration, and

shareholder rights could be more impactful than broad ESG reporting requirements.

2. Caution in Obligating ESG Disclosure as a Risk Tool: Policymakers and industry bodies,
such as the Task Force on Climate-related Financial Disclosures (TCFD) and under the EU

Sustainable Finance Disclosure Regulation (SFDR), have often promoted ESG disclosure as a
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means to reduce systemic and idiosyncratic risk. However, while greater transparency can
improve stakeholder trust, the empirical evidence suggests that these disclosures do not
necessarily translate into significant near-term risk mitigation. Factors such as macroeconomic
conditions or firm-specific shocks may overshadow any immediate risk-reduction benefits,
particularly in volatile periods. Consequently, policymakers should be circumspect in framing
ESG policies primarily as tools for immediate risk reduction, focusing instead on transparency,
stakeholder accountability, and longer-horizon benefits of robust governance and environmental

initiatives.

Supporting Standardisation: Persistent divergences in ESG scoring methodologies
underscore the challenges faced by both investors and regulators in drawing reliable conclusions
from sustainability ratings. Notably, the European Commission has taken steps to regulate ESG
rating agencies, aiming to increase the reliability and comparability of ESG data and reduce
the “noise” that arises from divergent assessment methods!6. While greater standardisation alone
may not transform ESG into a powerful short-term risk-mitigation mechanism, it could enhance
the overall utility of ESG data—particularly governance information—which has shown more

tangible performance implications in the long run.

Longer-Term Horizons: The nuanced role of environmental and carbon-transition initiatives
suggests that any material risk or return benefits may only manifest over extended periods.
Policymakers might consider aligning disclosure and reporting standards with longer-term
objectives, acknowledging that short-term analyses may underestimate the ultimate effects of
sustainability practices, particularly in the environmental domain. Although the short- to
medium-term impact of ESG on risk and return appears limited, future research and policy

initiatives could explore whether these relationships strengthen over extended time horizons.

7.4 Overall Contribution

Overall, this thesis contributes to the ESG literature by employing a more comprehensive analytical

toolkit—spanning holdings-based factor attribution, dynamic return analysis, and more advanced

econometric methods—to attempt to isolate the genuine effect of sustainability on both performance

and risk. It finds that the often-touted defensive qualities of ESG are neither as universal nor as robust

as previously claimed. Governance emerges as a notable exception, exhibiting a measurable and

statistically significant relationship with alpha generation, especially for mid-to-high-performing funds.

https://www.consilium.europa.eu/en/press/press-releases/2024/11/19/environmental-social-and-
governance-esg-ratings-council-greenlights-new-regulation/
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Yet, these findings do not entirely discount the potential of sustainability to foster long-term corporate
resilience; rather, they caution against overreliance on broad ESG scores as immediate, systematic

determinants of either excess returns or reduced volatility.

Future research should explore longer time horizons, different rating providers, and varying regional
contexts to gain further clarity on the subtle, and potentially slow-burn, impact of environmental and
social dimensions. Likewise, as disclosure standards evolve, it will be instructive to re-examine whether
improved data quality and standardisation alter the conclusions drawn here. By laying bare the
complexities and conditionalities of ESG’s role in financial performance and risk mitigation, this thesis
provides a foundation for both policymakers and investors seeking to integrate sustainability

considerations in a more targeted and empirically grounded manner.
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