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This thesis examines how SFDR Article 8 and Article 9 mutual funds perform across
different market regimes and if they provide downside protection during bear markets,
which fund characteristics are associated with stronger risk-adjusted performance, and
whether these findings can be applied to portfolio optimization. The study uses a sample of
588 ESG-oriented mutual funds and compares their returns with region-specific MSCI
benchmarks. The empirical analysis combines regime-based performance comparison,
downside-risk measures, panel regressions, and rolling out-of-sample portfolio
optimization.

The results show that the funds underperform their benchmarks on average during non-
bear periods, but perform relatively better during bear markets, as the losses of these funds
are smaller than benchmark losses. This suggests relative downside resilience rather than
absolute protection. Asset type is the strongest driver of performance, while SFDR
classification and management approach are less robust explanatory factors. The portfolio
analysis indicates that a dynamically rebalanced long-only strategy outperforms a more
complex 130/30-style long-short strategy in risk-adjusted terms. Overall, the findings
suggest that ESG mutual funds in this study are more efficient as relatively defensive
investments than as consistent sources of market outperformance, while also showing that
regime-sensitive fund selection can be translated into a practical dynamic portfolio-
selection framework.
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Tassd tutkielmassa tarkastellaan, miten SFDR:n 8- ja 9-artiklan mukaiset sijoitusrahastot
menestyvit eri markkinatilanteissa, tarjoavatko ne suojaa laskumarkkinoilla, mitki rahasto-
ominaisuudet liittyvét parempaan riskikorjattuun tuottoon ja voidaanko havaintoja
hy6dyntdd salkunmuodostuksessa. Aineisto koostuu 588:sta ESG-painotteisesta
sijoitusrahastosta, joiden tuottoa verrataan aluekohtaisiin MSCI-vertailuindekseihin.
Empiirinen analyysi yhdistdd markkinatilanneperusteisen tuottovertailun, downside risk -
mittarit, paneeliregressiot ja rolling out-of-sample -optimoinnin.

Tulosten perusteella rahastot alisuoriutuvat vertailuindekseihinsd nihden keskiméérin non-
bear-jaksoilla, mutta menestyvét suhteellisesti paremmin bear-markkinoilla, koska niiden
tappiot jadvit markkinaa pienemmiksi. Tamai viittaa suhteelliseen laskukestdvyyteen, ei
absoluuttiseen suojaan. Omaisuusluokka on vahvin tuottoeroja selittdva tekija, kun taas
SFDR-luokituksen ja aktiivisen tai passiivisen hallinnoinnin vaikutukset jadvét
heikommiksi. Salkkuanalyysi osoittaa liséksi, ettd dynaamisesti tasapainotettu long-only-
strategia tuottaa paremman riskikorjatun lopputuloksen kuin monimutkaisempi 130/30-
tyyppinen strategia.
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1 Introduction

The growing prominence of sustainable finance in global capital markets and the regulatory
push towards environmental, social and governance (ESG) practices and transparency has
reshaped and keeps on changing investor behaviour globally. ESG funds have had a large
surge in popularity especially during this decade. Companies are integrating ESG-factors in
their strategies and regulations are further forcing organizations towards more sustainable
solutions. On the other hand, ESG funds saw the worst quarter in recorded history at the start
0f 2025 due to the geopolitical situation and US politics shifting away from climate and ESG
factors. (World Finance 2025; Morningstar 2025)

The concept of modern ESG investing has gone through an evolution, from being simply
based on social movements such as anti-war and anti-racism in the 1960s to the regulated
ESG investing space, where many of the traits connected previously to socially responsible
investing (SRI) are now mainstream. These early socially responsible investing strategies
relied on negative screening, which meant firms perceived as socially or ethically harmful
were excluded rather than actively seeking distinct sustainability outcomes. Shaped by
environmental disasters in the 1980s, responsible investing started truly growing in the
1990s. In the early 2000s another big shift occurred with the introduction of environmental,
social and governance framework. Now in the 21 century responsible investing has changed
from values-based exclusionary practices into an investment approach, where
environmental, social and governance (ESG) factors are integrated into financial decision-

making. (UNEP FI, 2017; Renneboog, Ter Horst and Zhang, 2008)

Sustainability in investing continues to reshape the European fund market, which makes a
focused re-examination of ESG mutual funds timely (European Securities and Markets
Authority 2025). The first modern mutual SRI fund was created in the US in 1971, called
the Pax World Fund. In the third quarter of 2025 the combined Article 8 and 9 assets in the
EU fund market alone had reached €6.8 trillion, which accounted to about 59 % of the EU
fund market in total, according to Morningstar (2025). This recent expansion, combined with
the SFDR classification framework and the sharp market swings of the 2020s, creates a new
empirical setting in which ESG fund performance, downside resilience, and portfolio

construction can be reassessed.
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The abovementioned Article 8 and 9 funds are in the centre of this thesis. In 2021 the
European Union introduced Sustainable Finance Disclosure Regulation (SFDR) fund
categories. The purpose of these categories is to help create a more sustainable financial
system through increasing transparency, comparability and redirecting capital towards
sustainable investments. Article 8, so called “light green”, funds promote environmental and
social characteristics, and the “dark green” Article 9 funds have sustainable investment as

their main goal. (Nordea 2021)

1.1 Research Gap and Contribution

Earlier research has shown mixed results on whether ESG-oriented funds outperform
conventional investments and it also questioned if ESG characteristics provide downside
protection during crisis periods (Aboluwodi, Muzindutsi and Nomlala, 2024; Nofsinger and
Varma, 2014). However, much of this research either focuses on large ESG portfolios, likely
analyzes firm-level evidence, or compares ESG and traditional funds without taking a look
at how fund-specific traits influence performance across different market conditions. The
evidence on SFDR Article 8 and 9 mutual funds remains limited, despite these categories

becoming key in the European market.

In this thesis, the research gap is explored through three different approaches. First, it
reviews Article 8 and Article 9 mutual funds in light of recent EU regulations, instead of
concentrating on older SRI products. Second, it correlates bear and non-bear market
conditions with specific fund features such as asset type, geographic focus, management
style, and SFDR classification to determine which ESG funds show greater resilience. And
the third way of contributing to that gap is, that it advances the analysis by building an
optimized portfolio, where investment choices are re-evaluated and optimized monthly
based solely on the available information at that time. This method provides current evidence

and it also offers a practical way to examine how ESG fund selection works in real-time.

After the European Union implemented the SFDR, Articles 8 and 9 have gained significance
as labels for investors interested in sustainable investment products, making it a primary
reason why these funds are the focus of this study. The growing diversity of ESG fund
options leads to a wider range of funds with varying features and understanding whether

regulations linked to sustainability affect performance and risk is crucial for not only
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investors but asset managers and policy makers alike. Research on sustainable investing in
the European Union especially is made interesting due to how it evolves and grows
constantly. In November 2025, the EU announced plans to do a review on the Sustainable
Finance Disclosure Regulations, their goal being making these rules more efficient, aligned
with market conditions, and easier to understand. These updates would make funds under
Articles 8 and 9 more accessible to retail investors and more practical for companies.
Additionally, they would provide investors with a clearer framework to assess and compare
the environmental and social features of financial products. When investors have the ability
to make better informed decisions, miss-labelling or greenwashing becomes more difficult
and understanding the characteristic and the effects those have to volatility or returns,

becomes even more important. (European Commission, 2025)

Previous academic literature has extensively examined the relationship between ESG
investing and financial performance, often by comparing sustainable funds and portfolios
with their conventional counterparts (Revelli and Viviani, 2015). This prior research has
produced mixed results. Some studies nevertheless suggest that sustainability-oriented
investments can achieve comparable or even superior risk-adjusted returns. Potential
explanations proposed in the literature include stronger governance- and social-screening
practices, which have in some cases been associated with better risk-adjusted fund
performance (Renneboog, Ter Horst and Zhang, 2008), as well as lower exposure to ESG
controversies, which have been shown to matter for firm value (Aouadi and Marsat, 2018).
Especially slightly older studies show that the financial performance of sustainability-
oriented investing can reach similar, if not better results than conventional. Das et al. (2023)
found that between 2005 and 2016 some higher-ESG funds were able to achieve equal or
better Sharpe ratios than low-ESG peers, which were explained by higher management
quality and lower controversy exposure. Similar results were found in a study combining
more than 3700 study results, which indicated that outperformance opportunities exist in
multiple areas of the market, but for ESG factors to have a value enhancing effect, a deep

understanding of the subject is required (Friede, Busch and Bassen, 2015).

The majority of studies on the subject indicate mixed or inconclusive results. On average,
socially responsible investing neither outperforms nor underperforms market benchmarks,
as shown in a meta-study by Hornuf and Yiiksel (2024), involving 5845 previous studies on

the performance of SRI funds. Finding outperformance becomes more difficult when more
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factors are added to the model. As ESG factors have gradually been incorporated into
investment strategies by fund managers to the point of becoming almost indispensable,
further research is needed to determine whether certain standards or taxonomies have long-
term effects on fund performance. ESG investing can certainly offer benefits in
diversification and hedging, for example, but performance varies by region, investment

strategy, and market conditions. (Tenorio-Salgueiro et al., 2026)

Some studies have found that economic conditions have no effect on how ESG investing
strategies perform. There has also been evidence that high-rated ESG firms continuously fail
to outperform low-ESG rated firms, in both positive and negative market regimes (Long et
al., 2024). ESG investing has also been criticized for having sector bias, which leads to
diversification limits. In practice this shows in ESG investing strategies outperforming only,
when the exclusion criteria are not too steep and the lower returns have also not provided
compensation through lower systematic risk. Although it is good to keep in mind these

results can’t be generalized internationally in all markets. (Bertelli and Torricelli, 2024)

1.2 Objectives, motivation and research questions

This thesis examines mutual funds classified under SFDR Articles 8 and 9, focusing on funds
with assets under management between €2 and €30 billion. More specifically, this study
investigates whether certain fund characteristics — such as fund geographic allocation, asset
type and investment style — are associated with better risk-adjusted performance or reduced
downside risk. In addition, this thesis aims to construct an optimal portfolio composed of
these SFDR 8 and 9 compliant funds to evaluate whether investment constraints based on

sustainability limit or enhance portfolio efficiency.

Research on the volatility and performance of ESG funds is already extensive, but there is
still more limited evidence on how specific fund-level characteristics shape performance and
risk outcomes, particularly when market conditions vary (Gao et al., 2024; Helliar, Petracci
and Tantisantiwong, 2025). Previous academic literature has shown the possible advantages
of ESG investing, like crisis aversion and diversification, but understanding if it can bring
better risk-adjusted performance or lower volatility, is shown to be dependent on different
characteristics. Important themes emerging from previous literature on the matter include

the influence of market regimes affecting portfolio performance and ESG engagement
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affecting risk. The divergence in findings underlines, how important specific analyses, such
as fund behaviour across market regimes, is for the subject still. Finally, there is very limited

evidence on fund characteristics influencing risk and return outcomes.

Addressing these gaps, this thesis pursues two main objectives: (1) to identify characteristics
associated with stronger performance or lower risk among the ESG funds; (2) to design an

optimal portfolio using these insights.
The main research question for the thesis is the following:

How do ESG-oriented mutual funds perform across different market regimes relative to a

broad market benchmark?

This question explains whether the chosen ESG mutual funds behave differently from the
market during non-bear and bear market periods. It is vital to establish how the ESG funds
have performed overall, before diving deeper into the characteristics that affect the results.
This is done by first defining non-bear and bear markets for the whole period that data is
found of the ESG funds. After it is possible to compare average returns, Alphas and Sharpe

ratios by regime.
The secondary research questions are:

Do ESG-oriented mutual funds exhibit lower downside risk during bear markets compared

to the market index?

Risk mitigation is often linked to ESG investing, so this is a central question for the subject.
Testing if downside risk decreases during market stress evaluates if ESG provides protection
when it is needed the most for investors. This can be investigated using maximum
drawdown, downside deviation, the Sortino ratio, and a specifically built Bear-Regime
Alpha. The best way to search for this resilience is through mean comparison tests and

regression models.

Which fund characteristics explain better risk-adjusted performance across market

regimes?

Not all ESG funds are similar. Identifying the characteristics that drive performance helps
find advantages in funds often simply labelled as “ESG”. This can be researched using

unbalanced panel regressions, examining how selected fund characteristics (such as age,
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SFDR classification, and asset type) drive monthly excess returns, and whether they provide

statistical resilience during bear markets via interaction terms.

Can a portfolio constructed of ESG-oriented mutual funds achieve superior risk-adjusted

performance across market regimes?

Even if individual funds or the ESG funds as a whole do not consistently outperform, with
the characteristics identified in the previous research question, it can be possible to create
optimized portfolios. Comparing investor-friendly long-only portfolio to a long-short
portfolio and evaluating them with Sharpe ratios and drawdowns in bear markets, gives a

picture of, how far the performance of these ESG-oriented funds can be stretched.

When combined, the four research questions move from performance comparison to
explanation and finally to application. The first two research questions address whether there
exist any differences between the behavior of ESG Funds versus their respective benchmark
indices across varying market conditions and if defensive properties are visible in downside-
risk measures. The third research question connects the answers to the previous two
questions with observable fund characteristics. The final research question addresses
whether the findings of this study can be applied to develop an actively managed dynamic

investment strategy.

To interpret this study properly, several limitations in this research should be taken into
account. The analysis focuses only on ESG-oriented mutual funds that are classified under
SFDR Articles 8 and 9, which means this study did not include a direct comparison to non-
ESG mutual fund sample. The minimum fund-size (AUM) of approximately EUR 2 billion
may also create a large-fund bias, and the use of current SFDR classifications means that
changes in fund mandates or sustainability positioning can’t be taken into account. Finally,
both the portfolio construction and the market regime analyses were based upon historical
data and model assumptions that likely will not fully capture structural breaks or future
changes to market dynamics. The empirical design of the study is not invalidated by these
limitations, but they do influence the interpretation of the results. The primary value that
comes from this thesis is demonstrating how relative performance, downside resilience, and
portfolio construction happen in a carefully defined universe of SFDR Article 8 and 9 Mutual
Funds.
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In summary, this thesis examines how SFDR Article 8 and 9 mutual funds perform across
market regimes, whether they provide downside protection during bear markets, which fund
characteristics help explain performance differences, and whether these insights can be
translated into a practical portfolio strategy. The remainder of the thesis proceeds from the

relevant literature and data to the empirical methods, results, and final conclusions.

The remainder of this thesis is structured as follows. Chapter 2 reviews the relevant literature
on ESG investing, market regimes, and mutual fund performance. Chapter 3 describes the
data and sample construction. Chapter 4 presents the methodological framework, including
market-regime identification, performance and risk measures, regression analysis, and
portfolio optimization. Chapter 5 reports the empirical results, and Chapter 6 concludes by
summarizing the main findings, discussing their implications, and outlining limitations and

avenues for future research.
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2 Theoretical framework

This section of the thesis covers the general background for ESG-oriented investing,
including the history and development, measures, integration in investing strategies and how
it is classified and enforced in practice. In the second part ESG is linked to modern finance
theory. Many classic parts of finance theory still hold in responsible investing, and it is
important to understand, how these are connected to building an optimized ESG portfolio

and measure the effectiveness of ESG-based investing.

2.1 ESQG, definitions and conceptual foundations

2.1.1 Definitions and development of sustainable investment

As mentioned in the introduction, ESG stands for Environmental, Social and Governance.
All the way up until this day, terms like responsible, ethical, impact or sustainable investing
and SRI (socially responsible investing) are also still widely used when referring to the
subject. If for nothing else, only the difficulty to label the concept of ESG investment
explains that there is no clear definition for what investing responsibly actually means. For
this thesis, the most fitting description comes from the European Commission (2026a),
which describes (in the EU’s policy context) sustainable finance as “finance to support
economic growth while reducing pressures on the environment to help reach the climate-
and environmental objectives of the European Green Deal, taking into account social and

governance aspects.”

What is known for sure is that globally the start to ESG investing came from the ethical
motivation to exclude certain industries, such as alcohol, tobacco and weapons
manufacturing. Into the public eye the concept broke through in the 1960s and 1970s, with
interest in global warming and issues like corruption and human rights getting larger. During
the 1970s apartheid in South Africa kickstarted SRI for institutional investors. The 1980s
brought the environmental aspects more attention with accidents like the Exxon Valdez oil

spill and the Bhopal gas disaster, although the acronym “ESG” and the first proper criteria
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for it appeared in 2006 with the introduction of the United Nations Principles for Responsible
Investment (PRI). (Kwak, Kim and Kwon, 2022)

In 2026 the UN PRI consists of over 5000 signatories from different asset classes, regions
and industries. The assets under management reach over $139 trillion with the goal of driving
positive social impact and growing the financial returns by incorporating sustainability and
governance related factors in the investment strategies of the signatories. To guide the
signatories towards the integration of ESG factors in their investment policies, they use 6
principles. These include incorporating ESG issues into investment analysis and decision-
making, being active owners and incorporating ESG issues into ownership policies and
practices, seeking appropriate disclosure on ESG issues by recipients of the investments,
promoting implementation of the Principles withing the industry, working together to
enhance the effectiveness of the implementation of the Principles and reporting activities

and progress of the implementation. (Principles for Responsible Investment (PRI), 2026)

The global institutional foundations for sustainable finance strengthened further with the
Paris Agreement in 2015. It was created to be the first legally binding international climate
treaty to limit global warming to below 2°C and pursue efforts toward 1.5°C above pre-
industrial levels. 2015 saw also the introduction of UN 2030 agenda and sustainable
development goals, which was also created to transition the world to more low-carbon and
climate-resilient directions. From these two the Paris Agreement in particular included the
commitment to making financial decisions align with low-carbon and climate-resilient

decisions. (European Commission, 2026a; UNFCCC, 2026)

The European Union kept building on the path laid by the aforementioned agreements with
the European Green Deal in 2019. It is a transformation strategy aimed at making Europe
the first climate-neutral continent by 2050. It includes legally binding climate targets (-55%
emissions by 2030, net-zero by 2050), expanded emissions trading, investment programs
and new frameworks for corporate sustainability reporting. The Green Deal aims to enforce
sustainability criteria across all sectors and especially recognizes the need to redirect both

public and private capital toward climate-aligned activities. (European Commission, 2026b)

To implement the financial dimension of the Green Deal, the EU introduced the Action plan
on Sustainable Finance. It can be split into three main categories: reorienting capital flows

towards a more sustainable economy, mainstreaming sustainability into risk management,
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and fostering transparency and long-termism. Part of this initiative is the Sustainable Finance
Disclosure Regulation (SFDR) — in force since March of 2021 — which serves as the EU’s
way of enhancing transparency for sustainability-related investments. SFDR requires asset
managers and financial market participants to disclose, how they integrate sustainability
risks and impacts on investment decisions. With it came a classification for investment
products based on their sustainability characteristics (Article 6: Funds without sustainability
scope, Article 8: Funds that promote environmental or social characteristics, Article 9: Funds
that have sustainable investment as their objective), which created a comparable system for

the European fund market. (European Commission, 2018; MSCI, 2021)

As the purpose of SFDR is to increase transparency, reduce greenwashing, and guide private
capital towards sustainable economic activities, it combined with the Paris Agreement and
the European Green Deal, created a framework that can be used as an economic strategy to
operationalize sustainability ambitions within the financial markets. This whole process
underlines the importance of better understanding of ESG-oriented investment products and
better explains why the performance of SFDR 8 and 9 funds is important, when evaluating

whether these mechanisms are functioning.

These regulatory changes also emphasize the importance of concentrating specifically on
SFDR Article 8 and Article 9 funds. Instead of analyzing a broad, historical group of socially
responsible funds, this thesis focuses on ESG mutual funds within a more recent,
institutionally defined European environment, where sustainability classification is now

integrated into market structure, disclosure practices, and investor choices.

2.1.2 ESG investment concepts and strategies

ESG-oriented investing can mean multiple different approaches that incorporate
environmental, social and governance considerations into investment decisions,
accompanied by traditional financial analysis. Rather than being a single investment style,
these strategies differ in objectives, methods, and expected financial outcomes.

Understanding these strategies is important, when evaluating ESG-oriented funds.

Screening is one of the oldest, simplest and most widely used approaches for responsible

investing. Negative screening involves excluding companies or entire sectors that do not fit
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the predetermined ESG criteria, such as tobacco, fossil fuels, or human rights violations. On
the other hand, positive screening actively searches and selects firms that meet certain
standards or have superior ESG performance relative to peers. For example, this can be based
on energy efficiency, low emissions, good labour practices and transparent governance.
Positive screening offers possibilities for broader portfolio diversification and better risk-
adjusted performance, due to its better position to manage risks and opportunities in tilting
the portfolio towards companies with better sustainability profiles. (Agapova, Filatova and

Yuk, 2025)

Best-in-Class investing extends positive screening by selecting and investing in the top ESG
performers within each sector, industry or region, rather than excluding anything in its
entirety. The goal is to preserve diversification, while combining good ESG and financial
performance. This approach may then mitigate the losses that could come from excluding

entire industries and still captures ESG-related risk-aversion effects. (Eurosif, 2018)

Thematic ESG investing focuses capital on specific sustainability themes, such as renewable
energy, climate transition, water management, biodiversity, or social inclusion. Thematic
funds usually define an explicit theme and select securities tied to it. Compared to broader
funds, thematic strategies concentrate on certain sectors, which can create growth potential,
but also higher risk and sensitivity to policy changes. Other principles and ways of measuring

ESG investments don’t always apply for thematic investments. (Silvola and Landau, 2021,

p.21)

ESG integration refers to the systematic incorporation of ESG factors into traditional
financial analysis. This means that rather than using ESG as a screening tool, the data is
treated as variables, which affect cash flows, cost of capital and risk exposure. For example,
good governance practices can reduce agency costs and environmental efficiency may lower

operational risks. (Amel-Zadeh and Serafeim, 2018)

Active ownership (or stewardship) involves investors using their shareholder rights and
influence to improve corporate behaviour. According to the PRI, stewardship means
activities such as engagement with investee companies, proxy voting, filling shareholder
proposals and collaborating with other investors. Active engagement can mitigate risks that
are not visible in financial statements, and its goal is to create long-term value for

shareholders. (Principles for Responsible Investment, 2026b)
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The final one of the main ESG investing strategies is impact investing. Out of all the
strategies mentioned above, impact investing is the most outcome-oriented, with returns and
benefits for society combined. The goal is to create financial returns alongside positive ESG
outcomes. Article 9 under SFDR fit the definition of impact investing well, as sustainable

investment has to be the goal. (Global Sustainable Investment Alliance, 2026)

2.1.3 Measuring and classifying ESG performance

The evaluation of ESG-oriented investment products requires methods for measuring, how
sustainability characteristics are incorporated into the investment decisions. Measuring the
ESG performance is multidimensional, data-intensive and dependent on the methodology
used. These challenges cause there to be multiple measurement approaches and, in this

chapter, the main scores and classifications are shortly covered.

ESG ratings are the most widely used and simple ways for ranking sustainability
performance. Rating agencies assess firms across ESG dimensions using indicators such as
emissions, labour practices, board independence and transparency. The most used and well-
known providers for these ratings are MSCI, Sustainalytics, Refinitiv and S&P Global. The
way these agencies rank the ESG factors are similar to credit scores, for example MSCI uses
a scale from AAA to CCC. Sustainalytics on the other hand uses a 0-100 scale. (Atkins,
2020)

Despite these ratings being often referred to and their widespread use, ESG ratings exhibit
quite low correlation between providers. This is due to differences in methodology,
weighting and data sources. This reflects different interpretations of what is important in
ESG evaluation. This means that researchers must be careful, when using these ratings as a

data source. (Berg, Kolbel and Rigobon, 2022)

At the mutual fund level, ESG performance is usually assessed through both portfolio-level
aggregation and regulatory disclosure. Portfolio-level measurement involves aggregating
ESG scores of underlying assets to construct an ESG profile for the fund. This can include,
for example, weighted carbon intensity, taxonomy-aligned activities, or revenue exposure.
While this can enable comparability and benchmarking, it is also dependent on the

methodology and data limitations of ESG data providers. (Sahin et al., 2023)
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Finally, fund-level disclosure obligations, such as the previously mentioned SFDR. These
disclosures include information on sustainability risks, principal adverse impacts, and the
extent to which environmental or social characteristics are promoted, or sustainable
investment objectives are pursued. Other important disclosure regimes are MiFID II
sustainability preference reporting using the European ESG Template, EU climate
benchmark transparency rules and voluntary global frameworks, such as CFA Institute’s

ESG disclosure standards. (Invest Europe, 2026)

2.2 ESG and modern finance theory

Sustainable investment might be a relatively new player in finance theory and investing, but
when researching performance and risk characteristics across market regimes, it is necessary
to tie the analysis in established financial theory. Modern portfolio theory, asset pricing
models, stakeholder theory, and risk-based frameworks provide foundations for

understanding how ESG characteristics may influence returns and risk exposure.

Harry Markowitz (1952) introduced the Modern Portfolio Theory, which demonstrates that
investors can build efficient portfolios by optimizing the trade-off between expected return
and variance through diversification. ESG investing can affect this in two main ways. Firstly,
ESG screens can reduce the investment universe, which may create diversification costs. On
the other hand, some ESG characteristics can reduce downside risk and cash-flow volatility,
shifting the efficient frontier outward by improving risk-adjusted returns. This means that
ESG constraints do not automatically mean inefficiency, if the sustainability factors are

financially material.

The Capital Asset Pricing Model, developed by William F. Sharpe (1964), explains that
expected returns are determined by systematic risk (beta). Within this framework, ESG funds
may theoretically exhibit different beta characteristics, compared to market benchmarks. For
example, ESG portfolios often include more technology than energy sector products, which
can influence the market sensitivity. ESG performance can be evaluated through Jensen’s
alpha to determine whether excess returns can be found after controlling for systematic risk.
If the ESG characteristics reduce downside risk, the funds may display lower beta or

asymmetric risk profiles, especially in bear markets.



23

Building on CAPM, multifactor models, for example, the Fama-French framework
incorporate size, value profitability and investment factors. These models imply that returns
reflect exposure to systematic risk, rather than abnormal performance. In ESG investing
context, multifactor models are important because ESG-funds may be tilted towards certain
factors. Multifactor models suggest that ESG performance may be partially explained as not
an independent return driver, but a combination of factors such as low volatility, good

governance and stable returns. (Fama and French, 2015)

Stakeholder theory was first introduced by R. Edward Freeman (2010) and it argues that by
emphasizing the role of corporate responsibility towards a large set of stakeholders, firms
can generate long-term value. This includes addressing the needs of employees, customers,
regulators, suppliers, and communities. From the perspective of the stakeholder theory,
strong environmental, social and governance practices can improve operational stability and
financial resilience. This also relates to the subject of this thesis, as stakeholder-oriented
practices have shown to improve firm resilience in economic downturns. This perspective
supports the argument that ESG investments may give better downside protection. (LINS,

SERVAES and TAMAYO, 2017)

A central theoretical argument for ESG practices is reducing exposure to different forms of
corporate risk. ESG as risk mitigation mechanism means that firms with strong
environmental and governance practices can be less exposed to penalties, environmental
problems or liabilities, scandals caused by corruption, or operational disruptions. Also, if
social issues are not properly managed, firms may face labour disputes or reputation
problems. From a fund perspective, this risk mitigation effect could mean lower drawdowns
and possibly better risk-adjusted performance for ESG-oriented funds. (Silvola and Landau,

2021, p. 8)

The link between ESG disclosure and financial outcomes can be explained with the
information asymmetry theory. Information asymmetry between firms and investors is
important in financial markets, as incomplete information can raise the cost of capital. High-
quality ESG disclosure can reduce the asymmetry by providing investors with additional
information about corporate governance and social practices or environmental risks that
might not be included in normal financial statements. This can lower the risk for investors
by reducing uncertainty about future cash flows. Reporting frameworks, such as the SFDR,

can improve transparency and thus reduce asymmetry. Previous studies have shown that
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firms with stronger ESG disclosure policies may gain lower financing costs and better trust

from investors. (Dhaliwal et al., 2011)
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3 Literature review

This section covers previous research focused on the subjects of this thesis. First general
evidence related to ESG and financial performance are reviewed. Next the link between ESG
and risk is investigated, with examples from volatility, downside protection and resilience.
Finally earlier studies related to ESG fund performance, performance in different market
regimes and characteristics driving better performance are discussed, in an attempt to find

earlier academic background on the subjects of this thesis.

3.1 ESG and financial performance: The broad evidence

Empirical research on the relationship between ESG and financial performance has grown
substantially during the past decade. The results have always been mixed, and it has been
difficult to create a large amount of coherent evidence, either suggesting that ESG
integration creates a constraint that lowers diversification and raises costs or that it lowers

risks and creates opportunities.

The early academic research on the subject focused on the potential cost of socially
responsible investing. Renneboog et al. (2008) found that investors could be willing to accept
lower financial performance in favour of gaining ethical or social consistency. During the
same time, it was found that the cost for socially responsible investing can be high, even for
moderately skilful investors, if they decide to restrict their investment universe (Adler and
Kritzman, 2008). This meant that limiting the investment universe may not be the most cost-
efficient way of promoting a social or sustainability idea. However, more recently, as the
subject has evolved from the basic negative screening to the more careful ESG integration
of today, the research has focused more on doing well also financially, while doing good by

focusing on the ESG factors.

Next comprehensive assessment was provided by Friede, Busch and Bassen (2015), who
created a meta-analysis from over 2000 empirical studies. They found that approximately
90% of the studies reported a non-negative relationship between ESG and financial
performance, with majority reporting a positive correlation. This result indicated that ESG

fund managers can create a portfolio, where sustainable values won’t hurt the risk-return
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profile. Similarly, Revelli and Viviani (2015) found in their meta-analysis that there is no
statistically significant financial underperformance, compared to conventional investments,
further enforcing the fact that ESG constraints don’t create a financial penalty, but neither

creates a premium.

This view that ESG may already be priced into the market was further developed by Pastor,
Stambaugh and Taylor (2021), who explained that as investor preference for sustainable
assets rise, the market price also rises, which can lead to lower expected returns. This model
suggests that the better performance of ESG stocks previously was due to the rise in
popularity, they may provide lower returns now and in the future due to them being seen as

safer or lower risk.

ESG-oriented portfolios often tilt towards large-cap companies, which are growth-oriented.
As shown by Eugene Fama and Kenneth French in the multifactor asset pricing models,
these are characteristics that are associated with better returns. If ESG outperformance is
found, it may be caused by these underlying factor exposures rather than distinct ESG
premium. This view is supported by Bolton and Kacperczyk (2021), who demonstrated that
stocks with higher carbon dioxide emissions earn higher returns. Their results show that

especially carbon emissions are already priced in financial markets.

Even if the recent academic literature on the subject is leaning more towards there being no
underperformance or outperformance, new angles showing different results still keep
evolving. Combining linear and non-linear modelling techniques, Herman, Oplotnik &
Jagri¢ (2025) provide evidence that ESG ratings display a positive and statistically
significant association with especially return on assets (ROA) and return on equity (ROE)
on firm-level. They show that ESG’s financial relevance is large at higher score levels, this

would mean that stronger sustainability can improve corporate profitability.

The approach that is taken in researching the performance of ESG investing affects the
results, and even truly knowing how sustainable a fund or company actually is, is difficult
to figure out. The literature on the subject also takes this into account, as highlighted by
Ehlers et al. (2022), ESG ratings often combine indicators that are imperfectly correlated.
This can lead to errors that make it more difficult to identify the true relationship between
ESG and financial performance. Despite these limitations, their analysis suggests that by

deconstructing ESG scores and using targeted investment strategies, such as best-in-class
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criteria, an ESG strategy can improve a portfolio's overall ESG profile at minimal financial

cost, or even slightly improve its risk-adjusted performance.

For the present thesis, these mixed findings are important because they suggest that average
full-sample comparisons may conceal material differences across market environments. This
creates a clear motivation to examine whether the performance of SFDR Article 8 and Article

9 mutual funds changes systematically between non-bear and bear regimes.

3.2 ESG and risk: Volatility, downside protection and resilience

A large part of the literature related to ESG investing investigates whether ESG reduces or
reshapes investment risk. While the relationship between ESG and financial performance
remains uncertain, a more consistent pattern emerges in the literature examining ESG and
risk. Early empirical studies already suggested that corporate social performance may be
linked to lower firm risk. For example, Jo and Na (2012) argued that in controversial or high-
impact industries, ESG engagement reduces the probability for legal disputes, environmental
disasters, and reputational crises. Their work also suggested that ESG does not necessarily
create better returns in stable markets but serves as a way to mitigate tail risk. Similarly,
Godfrey, Merrill and Hansen (2009) argue that CSR can function as a form of “insurance-
like” protection, which reduces firm-specific risk by strengthening stakeholder relationships
and mitigates reputational damage, after studying legal actions taken against firms between

the years 1993-2003.

Oikonomou, Brooks and Pavelin (2012) found that firms with higher corporate social
performance showed significantly lower total and idiosyncratic risk, indicating that ESG
characteristics may contribute to better stability. Building on these results, later research has
had a major focus on the role of ESG characteristics protecting in periods of market stress.
The resilience that ESG assets offer was really put to the test during the global financial
crisis. A key contribution to this research came from Lins, Servaes, and Tamayo (2017), who
demonstrated that firms with high social capital significantly outperformed their peers during
the crises. High social capital firms were able to achieve stock returns that were 4 to 7 percent
higher than low CSR/ESG firms. They proposed that through investments in social capital
firms can create a higher level of trust with stakeholders, which pays off when the overall

trust in markets goes down. This perspective reinforces the view that ESG characteristics are
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especially valuable in downside scenarios, even if the benefits are hardly visible in normal

market conditions.

Carrying on with the theme of resilience during times of market turmoil and shocks,
Albuquerque et al. (2020) document that firms with strong environmental and social
characteristics experienced lower stock returns volatility and smaller drawdowns during the
COVID-19 market crash. They highlight the importance of customer and investor loyalty in
holding resilience for high environmental and social stocks. Because the financial crisis
caused by COVID-19 was the first major shock in financial markets after ESG has risen to
become an important topic in investing and academic literature, a lot of evidence regarding
the risk mitigation hypothesis comes from times of the pandemic. Broadstock et al. (2021)
also found similar results, because their research regarding ESG portfolios in China showed
that during the financial crisis caused by the pandemic high-ESG portfolios generally
outperform low-ESG portfolios, ESG performance mitigates risk during financial crisis and

in more normal market times the ESG performance is not distinguishable.

Even though for example Engle et al. (2020) and Chong and Phillips (2016) have showed
that ESG investing may result in lower overall volatility, the main focus has shifted to
whether ESG engagement lowers downside risk. However, the literature regarding tail-risk
or downside protection highlights important limitations. Hoepner et al. (2024) show that
engagement on ESG issues can indeed benefit shareholders with reducing firms’ downside
risks, but value at risk, the risk reduction efficiency depends on what type of engagement
the firm is using. ESG engagement is most efficient when it addresses environmental topics,
specifically climate change related. Relative to control firms, they found that the value at

risk can lower by up to 9 percent after successful engagements.

The evidence supporting the risk mitigation capabilities of ESG characteristics seems to
heavily lean on controlling tail-risk and downside protection, but same problem arises here
as mentioned before: strength of the ESG and risk relationship may depend on ways of
measuring and quality of data, as ESG ratings are known to vary across different providers
(Berg, Kolbel and Rigobon, 2022). The risk-reducing effects of ESG may also change across
industries and dimensions. For example, environmental factors can be more influential in
carbon-intensive sectors and governance may play a larger role in financial stability. This
makes direct comparisons between studies more difficult and creates potential

inconsistencies. Likewise, a report by the European Securities and Markets Authority on EU
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funds during the COVID-19 turmoil (Naffa and Dudéas, 2024) indicated that while funds
with high-ESG performed slightly better than non-ESG peers, all categories suffered major
losses, and the level of downside protection was very modest. Again, implying that ESG-
related risk mitigation is regime- and context-dependent and can be offset by sector bias or

other exposures.

This is directly relevant to the second research question of the thesis, which examines
whether ESG mutual funds provide downside protection during bear markets. If ESG
characteristics primarily matter through resilience rather than unconditional return
enhancement, a regime-specific downside-risk analysis becomes more informative than a

simple full-period return comparison.

This “resilience” claim has also been challenged recently. Demers et al. (2021) conducted a
study arguing that the outperformance that ESG funds showed during the 2020 market crash
was actually a “mirage”. They base this on the fact that once a firm’s industry affiliation,
market-based measures of risk, financial position (e.g. low leverage and high cash reserves)
and intangible investments were controlled for, ESG scores showed no statistically
significant impact on resilience. These types of results introduce a question: is ESG actually
a primary way to gain stability, or does it only correlate with overall quality and growth
factors? This thought was echoed by Bae et al. (2021), who found no evidence that CSR
provided any advantage during the COVID-19 market shock, which would suggest that the
“trust” factor found by Lins, Servaes and Tamayo (2017) might not be universal, or work

across all types of crises.

Not all crisis-related studies point to positive, or even neutral results. Naffa and Dudas
(2024), who examined 1031 global emerging market equities during the first quarter of 2020,
report a negative relation between ESG management score and crisis resilience, which is
measured with maximum drawdown. This result suggests that high-ESG firms were possibly
more exposed to factors that underperformed during the market downturn. More broadly, De
Giuli et al. (2025) analysed volatility spillovers among six ESG equity indices across regions
between 2014 and 2022. They found emerging market ESG and clean technology indices as
net receivers of volatility. The pattern that emerging market ESG and clean technology
indices are more vulnerable to external shocks means that ESG branding itself does not

eliminate exposure to macro and structural risks. On the other hand, this suggests that ESG
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integration may change the structure of risk from certain controversies and regulatory

changes towards other macro or sectoral risks, rather than reducing risk overall.

3.3 ESG funds: market regimes and drivers of performance

3.3.1 ESG Mutual Fund Performance Relative to Conventional Funds

The question of whether ESG-oriented mutual funds can consistently outperform
conventional benchmarks remains a key topic of discussion of sustainable finance research.
Early studies on sustainable mutual funds were often motivated by concerns that ESG
screening would reduce diversification and thus impact performance negatively. Bauer,
Koedjik and Otten (2005), examining SRI funds in the U.S., U.K. and Germany using the
Carhart four-factor model, showed that SRI funds performed comparable to conventional
mutual funds, with no systematic underperformance. They concluded that while ethical
funds faced higher management fees and smaller investment universes, these costs were
offset by superior stock picking or different exposures. Similar results were reported by
Statman (2000) who found that over the 1990-98 period the Domini Social Index produced
the same results as the S&P 500 and socially responsible mutual funds performed with the

same efficiency as conventional funds.

However, as more refined ratings emerged and data improved, newer studies began
identifying different findings. Renneboog, Ter Horst and Zhang (2008) found that SRI funds
tend to underperform in several European and global markets, after fees are accounted for,
supporting the view that ESG principles on their own won’t affect performance, but
screening intensity and leading sector biases can cause costs for investors. Statman and
Glushkov (2009) also showed that relative to purely exclusionary SRI funds, it would be
better to use positive screening (best-in-class), which improved portfolio quality and risk

adjusted performance.

As the market for ESG funds matured and the focus changed from “ethical” funds towards
ESG integration, more recent evidence has been more favourable and shown areas of
outperformance. Once risk factors were properly accounted for, Humphrey and Tan (2014)
found no signs of systematic underperformance in portfolios designed to mimic typical

equity mutual funds, which means that in their case socially responsible funds didn’t gain or
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lose from screening portfolios. When studying European mutual funds Abate, Basile and
Ferrari (2021) found slight but consistent overperformance between funds investing in ESG-
compliant assets and low ESG commitment funds. They also found that funds with high ESG
ratings are subject to lower charges, even though more complex screening creates higher
operating costs. Interestingly, only a few years prior Gangi and Varrone (2018) studied firms
that can be found in portfolios of European socially responsible funds (SRF) and provided
completely different results. Not only did they find corporate social performance to be lower
in the SRFs than in conventional funds, but also that the risk-adjusted returns in long term
were poorer than in the conventional funds. This obviously raises concerns about the
screening done but also reminds how much the chosen scope and time period for the study

can affect the results.

In the 2020s the impact of ESG factors in mutual fund performance has been studied more
closely and the academic literature shows very situational results. Lalthanliana et al. (2024)
examined the relationship between ESG factors and mutual fund performance and found
positive correlation between strong ESG compliance and better risk-adjusted returns.
However, the effect on performance from the ESG factors was very nuanced and varied
greatly depending on the market conditions and investor demographics. Lin, Pan and Sha
(2025) analysed the impact of ESG investment on mutual fund performance in China
between the years 2006 and 2020. Their results showed positive correlation between ESG
investment styles and fund performance. Long-short strategy yielded monthly excess returns
up to 0.465 %, but in this case the results very significantly better for funds with lower style

drift (divergence from funds original investment style).

The effect of the SFDR regulations on mutual funds has also been studied. Becker, Martin
and Walter (2022) found that the regulations had positive impacts on mutual funds, for
example, the sustainability ratings for EU-based funds increased, which means that to align
with the new regulation funds moved capital to even more sustainable investments. Investors
also allocated significantly higher amounts of capital to article 8 and 9 funds, which in itself
is positive, but it also encourages fund managers to attempt to increase their fund’s
sustainability according to the articles. They hypothesise that the effect this may have on
financial performance can come from overvaluation as more investments flow towards these
sustainable investments. Similarly, Martinez-Meyers, Ferrero-Ferrero and Mufioz-Torres

(2024) find that the introduction of SFDR lowered the overall ESG risks and also caused a
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positive spillover effect due to the greater interest and investments in sustainable funds. This
again proves that finding an answer to whether investing in ESG mutual funds provides

better financial results is extremely dependent on the circumstances.

3.3.2 ESG Performance Across Market Regimes

A growing body of literature highlights that ESG fund performance is not constant across
time but varies depending on market conditions. This is important, because a fund’s value
to investors may depend less on average long-run performance than on its behaviour during
market crises. One of the most referred to studies in this area is from Nofsinger and Varma
(2014), who show that socially responsible funds outperform conventional funds during
crisis periods but underperform during stable market conditions. This kind of reasoning is
consistent with Lins, Servaes and Tamayo (2017), who also demonstrated that during the
2008-2009 financial crisis firms with high social capital — often held in ESG funds —
experienced significantly higher returns. Their work further provided evidence that ESG

characteristics may serve as insurance-like assets, yielding better results in bear markets.

The literature related to the market regimes in this thesis gives a conceptual framework to
distinguish between clear periods of market stress and more typical conditions, which is
crucial because the main goal is to not only evaluate the ESG funds’ performance, but also

determine if the behavior of these funds changes in market downturns.

Aboluwodi, Muzindutsi, and Nomlala (2024) examine ESG indices in BRICS markets and
clearly divide them between bull and bear conditions. Their results indicate that ESG indices
tend to perform relatively better during bearish market phases, while the advantage in
performance diminishes or reverses during bullish periods. What is important, is that the
authors also highlight investor sentiment as a factor affecting the results, showing that ESG
investments may attract stronger inflows during periods of uncertainty, which supports

prices and mitigates losses.

Bhattacherjee, Mishra and Kang (2026) investigated ESG markets across low- and high-
volatility regimes, using a Markov-switching and time varying parameter VAR framework.
The study shows that global ESG return connectedness becomes much stronger during

periods of high market volatility. They also find that the advantages in diversifying in
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international sustainable assets are much smaller in stressed markets, which is explained by
shocks spreading quicker in this sustainable investment network. It is important to note, that
the research shows the United States and Canada to be the main sources of these shocks,
indicating that the location of SFDR Article 8 and 9 funds significantly influences their

performance and ability to withstand different market conditions.

Market regime literature as a whole is not restricted to a single accepted definition for bull
and bear markets. Hanna (2018) notes that, despite the prominence of these concepts in both
academic and practitioner usage, alternative rules for dating can change the turning points
in a meaningful way. Generally, the literature splits into two categories: transparent rule-
based ex post dating methods and model-based latent-state methods. Some well-known rule-
based approaches include Pagan and Sossounov (2003), who adapt turning-point dating to
equity prices, and Lunde and Timmermann (2004), who analyze market phases through

return thresholds and phase-termination rules.

Model-based studies use an approach in which they estimate these bull and bear markets as
states that are hidden rather than directly identifying certain peaks or troughs in the price
data that has been observed, which is shown by Maheu and McCurdy (2000), for example,
who use a Markov-switching framework with duration dependence to distinguish between
high-return bull states and low-return bear states. It is important to note these possible
differences in methodology when investigating the results of this thesis, because regime-
identification is not just a technical decisions, but it also shapes how resilience, downside

protection and performance persistence are seen in different states of the market.

3.3.3 Fund Characteristics and performance drivers

Within the ESG label, there is a wide variety of funds with specific characteristics that drive
variation in fund performance. This part examines previous academic literature that tries to
explain, why some ESG funds perform better than others. One factor that can affect fund
performance, especially in earlier research, is fund size (AUM). For example, the funds in
this study are from €2-30 billion sample, which can have better access to more expensive
and proprietary ESG data and thus give them scale advantage (El Ghoul and Karoui, 2017).

On the other hand, Biatkowski and Starks (2016) argue that size can lead to lower returns,
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noting that very large ESG funds may suffer price impact when trading in the relatively small

universe of high-ESG-rated stocks.

Sector exposure and geographic allocation have also emerged as important drivers for
financial performance. Hasnaoui (2025) investigated the relationship between technology
sector focused ESG mutual funds and financial performance in the Eurozone between 2013
and 2022. He used risk-adjusted measures to compare the funds to lower ESG-rated ones
and found consistent outperformance. Ferrari, Cini and Castellano (2025) found similar
evidence, both studies suggesting that in volatile, high-growth innovation driven technology

sector ESG considerations, especially social factors, are important drivers of performance.

Geographical focus can also have major effects on how ESG investing performs. Deb and
Gurugubelli (2025) found better ESG performance also having a positive impact on financial
performance, but the strength of the impact varies based on geographical region. Their
research covered firm-level data from over 14 years, both from established and emerging
markets. The results showed that especially environmental aspects offer opportunity for
performance gains in emerging markets, whereas the social and governance factors are more
important for performance in more established markets. Furthermore, Ibikunle and Steffen
(2017) highlight that European “green” funds often face a geographical disadvantage if they
are heavily restricted to EU markets, missing out on higher growth (but often lower ESG)

emerging markets or US tech giants.

The literature here explains the sensitiveness of ESG performance to both market conditions
and fund structure, but three gaps still remain. First, evidence on SFDR Article 8 and 9
mutual funds is still limited. Second, many studies analyze ESG at the firm or index level
rather than at the mutual-fund level. Third, fund characteristics and crisis resilience have
both been studied before, but there is still less evidence on how fund characteristics affect
performance across different market regimes. These gaps motivate the empirical design of
this thesis, which combines regime-based performance comparisons, downside risk analysis,
characteristic-level panel regressions, and dynamic portfolio construction within a single

consistent Article 8 & 9 sample.

The third research questions of the thesis is heavily linked to this literature, because it asks
whether ESG fund performance differences are explained by the observable fund

characteristics. In the context of this thesis, the focus is of course on, how the ESG funds
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differ from the chosen conventional benchmarks, but also on which ESG fund types appear

to be more resilient or more efficient than others in the ESG fund universe itself.

Overall, the literature indicates that ESG performance cannot be solely understood by
looking at unconditional average returns. Although previous research offers general insights
into performance, risk, and regulation, there is limited evidence on how particular ESG
mutual fund affect the performance in different market conditions, especially within the

SFDR Article 8 and Article 9 frameworks. This is the gap that the current thesis aims to fill.
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4 Data

This chapter covers the data and methodology used in this research, beginning by explaining
the sample and how it was constructed and prepared for analysis. Then, the methodology
underlying this analysis is presented and explained, including why these metrics were

chosen.

4.1 Data description

The focus of this thesis is on ESG-oriented mutual funds that are under the European Union’s
Sustainable Finance Disclosure Regulation (SFDR) articles 8 or 9, which means the funds
either promote environmental and/or social characteristics (Article 8) or have sustainable
investment as the main objective of the fund (Article 9). The sample is restricted to funds
with assets under management roughly between €2 billion and €30 billion, which directs the
focus to funds that are medium to large size and have sufficient liquidity and market

relevance.

This research primarily uses data from the Refinitiv Workspace database, which offers
detailed global fund information, including historical returns, asset classifications, and
sustainability mandates. The dataset spans from November 1970, when the first return index
data for one of these 588 mutual funds is available, up to December 2025 or the month the
fund was liquidated. To ensure adequate data for performance comparison, all funds in the

dataset have also been active since at least January 1, 2015.

The restrictions used to gather the base fund list did not exclude discontinued funds to avoid
survivorship bias, but within the frameworks of this research there was no discontinued
funds. Survivorship bias occurs when only funds that successfully survive to the end of the
sample period are analyzed, which artificially inflates historical average returns and
underestimates risk. Data from the beginning of availability was chosen to capture multiple
distinct market regimes, including the prolonged bull market of the late 2010s, the high-
volatility COVID-19 crash in early 2020, and the inflationary bear market of 2022-2023. No

attempt is made to truncate funds to a common starting point, as this would discard valuable
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historical information. Instead, all available observations are retained, and differing sample

lengths are handled explicitly in the regression methodology.

The target universe comprises mutual funds that have a designated sustainability mandate
under the EU Sustainable Finance Disclosure Regulation (SFDR). The sample was refined
using the following criteria and categorized by key characteristics. These characteristics are
also used in the research to determine whether some of them have positive or negative effects
on performance. These characteristics are based on the information provided in Refinitiv

Workspace:

e SFDR Classification: The sample is strictly limited to Article 8 ("light green") and
Article 9 ("dark green") funds.

e Age: The inception date is used to calculate the age of the fund in months and split
into dynamic age bins, which shows how a fund did in its early years, compared to it
being, for example, 20 years old and facing a similar market regime. (0-3 Years: The
Incubation Phase, 3—10 Years: The Maturing Phase, 10-20 Years: The Established
Phase, 20+ Years: The Legacy Phase)

e Asset Type: The sample includes Equity, Bond, Real Estate, Money Market and
Mixed Asset funds.

e Geographical Focus: Funds are categorized based on their investment region (e.g.,

Global, US, Europe, Emerging Markets).

e Management approach: The funds are managed either actively or passively

4.2 Benchmark Index and Risk-Free Rate

To accurately assess relative performance and define market regimes, funds are assigned
regional benchmarks based on their Geographical Focus. A single global benchmark fails
to capture regional market cycles accurately. Therefore, a regional matching approach is

used:

¢ Global Funds: MSCI World Net Total Return Index
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e US Funds: MSCI United States Total Return Index

e European Funds: MSCI Europe Total Return Index

e Emerging Market Funds: MSCI Emerging Markets Index

These benchmarks are a good fit for performance comparison and market regime
identification because they are broad, value-weighted, and represent the market returns in
which the respective funds primarily invest quite well. By finding a benchmark for each fund
that reflects its geographic investment universe, the analysis ensures that non-bear and bear
market phases are identified based on locally relevant economic and financial conditions,
rather than on global averages that may mask regional differences. Total return versions of
the indices are made to take into account both price appreciation and reinvested dividends,
making them comparable to mutual fund total returns. This regional matching improves the
accuracy of relative performance measurement, beta estimation, and regime classification.
It reduces distortions that could be caused by currency exposure, delayed market cycles, or

heterogeneous macroeconomic environments across regions.

The risk-free rate used in this study is the US 1-month Treasury bill rate, obtained from the
Kenneth R. French Data Library as monthly data. The 1-month Treasury bill is widely
regarded in empirical asset pricing as an appropriate proxy for the risk-free rate, as it
represents a short-term, highly liquid instrument with negligible default risk. Using monthly
observations ensures consistency with the frequency of fund return data and avoids
interpolation issues. The US Treasury bill rate is also directly compatible with commonly
used factor models and excess-return calculations, enabling standardized performance

measurement across funds and benchmarks. (Kenneth R. French - Data Library 2026)

The final sample was constructed in several filtering stages. The initial dataset from Refinitiv
Workspace produces 606 SFDR Article 8 and 9 mutual funds that matched the main fund-
level screening criteria. To improve comparability across the characteristics-based analysis,
14 funds classified under the “Alternatives” asset type were removed, as the small number
of observations would not have been enough to be used in the analysis. Additional 4 funds
were excluded because sufficiently complete return-index data were not available for the

empirical analysis. The final sample therefore consists of 588 ESG-oriented mutual funds.
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All funds are denominated in U.S. dollars in the final dataset to ensure consistency between

fund returns, benchmark indices, and the risk-free rate.

The return series are analyzed in a USD-normalized framework. This choice was made to
maintain consistency between the mutual fund return indices, the benchmark indices drawn
from the MSCI index family, and the U.S. 1-month Treasury bill rate used as the risk-free
rate. In addition, the use of MSCI benchmark series allows extending the market reference
data sufficiently far back in time to cover the earliest fund observations in the sample. This
improves the consistency of estimating excess returns and market-regime classification

across funds with different inception dates.

A key aspect of the dataset is its inclusion of various asset types, such as equity, bond, mixed-
asset, money-market, and real estate funds. Market regimes are identified using region-
specific equity benchmarks. As a result, the benchmark matching primarily aims to reflect
the general market environment encountered by the funds, rather than to serve as a precise
asset-class benchmark for each product. Therefore, the regime classification should be
viewed as an equity-market indicator of stress and recovery, rather than a perfect
performance measure for all asset types. This is especially important when assessing the

relative resilience of lower-volatility fund categories in bear markets.

Additionally, the approximately EUR 2 billion minimum size limit likely creates a bias
towards larger funds, which often have access to more resources, wider diversification, and
more advanced ESG data processes compared to smaller products. Another limitation is that
the sample selection relies on the current SFDR classification, despite the fact that fund

mandates and sustainability strategies can change over time.

The active-versus-passive classification used in this thesis is taken directly from
Refinitiv/Lipper. In the LSEG Funds API, the relevant attribute is Management Approach
(MGTMTAPP), which labels funds as either Active or Passive. According to LSEG
developer guidance, this classification is linked to Lipper’s Index Tracking data point: funds
identified as index-tracking are treated as passive, whereas funds without that designation
are treated as active. Conceptually, passively managed funds aim to replicate an underlying
index, while actively managed funds rely on discretionary portfolio decisions in an attempt

to outperform a market or market segment.
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5 Methodology

This chapter includes the details for the quantitative frameworks and mathematical models,
that were used to answer the research questions. The empirical design is organised into three
stages. At the beginning of the empirical part, the study evaluates fund performance against
region-specific benchmark indices and the risk-free rate. Next, it investigates which fund
characteristics influence changes in performance and if these characteristics are different in
non-bear and bear markets. Finally, it constructs an optimal portfolio of sustainable funds
based on the estimated return and risk structure. The framework uses methods that are
combined from modern portfolio theory, asset pricing, and panel data econometrics. A
notable aspect of the analysis is the inclusion of market regimes and the use of an unbalanced
panel dataset, accounting for the fact that funds enter the sample at various times. A notable
part of this analysis is that it includes market regimes and an unbalanced panel dataset, which

accounts for funds entering the sample at different times.

The methodology is designed to follow the research questions. The first research question is
addressed by classifying monthly benchmark observations into bear and non-bear regimes
and comparing benchmark-relative fund performance across those regimes. The second
research question is addressed using downside risk measures and a bear-interaction
specification to evaluate whether resilience persists beyond simple mean comparisons. The
third research question is addressed using pooled panel regressions with time fixed effects,
allowing the effects of fund characteristics to be estimated jointly. The final research
question is addressed through a rolling portfolio-construction backtest in which candidate

funds are re-screened monthly and optimized out-of-sample using trailing information only.

5.1 Return and Excess Return

The core time-series data for both the mutual funds and the regional benchmarks consists of
Total Return Index (TRI) values. Using TRI rather than raw Net Asset Values (NAV) or
standard price indices is critical because TRI accounts for the reinvestment of all dividends
and capital distributions. Failing to use total return data introduces a severe downward bias

in long-term mutual fund performance evaluation.
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Continuous logarithmic returns are calculated for all funds and indices using the following

formula:

R, = In [ it (1)
Lt TRI;;_4

Where R; ; is the return of fund i at month ¢, and TRI;; is the Total Return Index value of

the fund at time t.

To standardize performance evaluation and enable accurate risk-adjusted metrics, excess
returns are calculated for all assets. The 1-month US Treasury Bill rate is utilized as the

universal risk-free rate Ry ¢ to ensure parity across the USD-normalized dataset. The excess

return ER; ; is defined as:

ER;t =Ryt — Rf,t (2)

5.2 Market Regimes

It is very important to objectively classify the time period of this study into “Non-Bear” and
“Bear” market regimes, so that it is possible to evaluate how resilient ESG funds actually
are in different economic environments. If a single global index was used for all of the funds,
it would be very likely to misrepresent the framework of this research, that is why the
identification of regimes is done dynamically by matching each fund to a MSCI index family

benchmark, based on its geographical focus. The chosen benchmarks are:
Global Funds: MSCI World Net Total Return Index

US Funds: MSCI USA Net Total Return Index

European Funds: MSCI Europe Net Total Return Index

Emerging Market Funds: MSCI Emerging Markets Net Total Return Index
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This study uses a rule-based algorithm to identify regimes, drawing significant inspiration
from dating algorithms of Pagan and Sossounov (2003) and Lunde and Timmermann (2004),
but strictly anchored to the universally recognized 20% threshold. A Bear Market is defined
as a cumulative decline of 20% or more from the benchmark’s previous historical peak. The
bear regime begins at the month of the peak and concludes at the ultimate bottom point.
Conversely, a non-bear market is defined as a recovery and expansion phase characterized

by a cumulative gain of at least 20% from the previous bottom point.
Mathematically let Index, denote the level of the benchmark total return index, and define:

Peak, = max(Index,, ..., Index;) (3)

A bear market is identified when:

Index; — Peak;
Peak,

< —0.20 (4)

Once the timeline is mapped for each of the four benchmarks, an indicator variable Beary,
is created. For any given fund i aligned to benchmark Index;, Dgeq, ¢+ = 1 if month ¢ is
within a designated bear market for that region, and Dgeg,r = 0, if it 1s within a non-bear
market. As total return indices are used, the classification reflects total investor returns,

including reinvested dividends.

5.3 Performance and Risk Measures

To establish the baseline performance of SFDR Article 8 and 9 funds across the identified
regimes, both traditional mean-variance metrics and asymmetric downside metrics are

computed.

5.3.1 CAPM and Jensen’s Alpha

To be able to evaluate if the chosen ESG funds generate abnormal returns that are not caused

by systematic market risk, this study uses Jensen’s alpha, which is based on the Capital Asset
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Pricing Model (CAPM). The CAPM, developed by William F. Sharpe (1964), establishes a
linear relationship between an asset's expected return and its exposure to market risk,

measured by beta.

Building on this framework, Jensen (1968) introduced a performance metric designed to
assess whether a portfolio has achieved returns consistent with its level of systematic risk.
Jensen’s alpha assesses the gap between a portfolio's actual return and the return forecasted
by the CAPM. A positive alpha signals outperformance against its risk-adjusted benchmark,

whereas a negative alpha points to underperformance.
Jensen’s alpha is estimated using the following time-series regression:

ER;t =a;+ B  ERp; + €t (5)

where ER;; is the excess return of fund i at time t, ER,,, is the excess return of the
corresponding benchmark index, [5; represents the fund’s exposure to market risk, and a;
captures abnormal performance. A statistically significant positive a; implies that the fund

delivers returns above those justified by its market risk exposure. &; ; is the error term.

5.3.2 Sharpe Ratio

The Sharpe ratio provides a broader measure for calculating risk-adjusted performance by
accounting for total volatility, because Jensen’s alpha was only focused on the evaluation of
performance relative to systematic risk. Introduced by William F. Sharpe (1966), the Sharpe

ratio measures the excess return earned per unit of total risk.

The Sharpe ratio for fund iis defined as:

SRy = — (6)

where ER; is the average excess return of fund i, and g; is the standard deviation of returns.
A higher Sharpe ratio indicates more efficient risk-taking, as the fund generates higher

returns relative to volatility.
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The Sharpe ratio matters in this study because it enables direct comparison between ESG

funds and their respective benchmarks under both non-bear and bear market conditions.

5.3.3 Sortino Ratio

To overcome the limitation of the Sharpe ratio, which is that it considers upside and
downside volatility to be equal, even though investors tend to be more concerned with
downside risk, the Sortino ratio can be used as an alternative for measuring risk-adjusted
performance The Sortino Ratio (Sortino and Price, 1994) is then computed by replacing total

volatility with downside deviation:

ER;

(7)

Sortino; =
Odown,i

where 044, ,; represents the standard deviation of negative returns for fund i. This metric
provides a more accurate assessment of performance in the presence of asymmetric return

distributions and is particularly useful in evaluating fund behavior during bear markets.

5.3.4 Maximum Drawdown

Maximum drawdown (MDD) is a common risk metric in portfolio management and hedge
fund assessment. This is even more emphasized when downside risk and capital preservation
are key concerns. Unlike volatility measures, which consider both positive and negative
fluctuations equally, maximum drawdown specifically measures losses. This concept is
widely used in performance evaluation research and risk management practices.. (Magdon-

Ismail et al., 2003)

Maximum Drawdown measures the worst-case peak-to-trough loss for an investor holding
the fund over a given time period. It gives a direct answer to the worst loss an investor could
face when investing at a local maximum and selling at a local minimum. That is why it is

relevant when researching fund resilience during bear markets. It is defined as:

(8)

MDD; = m?x - -

Peak;,
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where Peak;, = max (TRI;4,...,TRI;;) is the highest cumulative value reached by the
fund up to time t. A higher value of MD D; indicates greater downside risk and deeper losses

during unfavorable market conditions.

5.4 Unbalanced Panel Regression Analysis

A multivariate panel regression needs to be used, in order to answer the secondary research
question, which discusses the specific performance and resilience driving fund

characteristics

Because the dataset includes funds that have been deployed decades ago, the data is
structured as an unbalanced panel. It is important to note that while the dataset spans from
fund inception up to the end of 2025 (with all funds having to be existed at least January
2015), the sample consists entirely of funds that remained active through the end of the

observation period.

Since several key variables, like SFDR classification and Geographical Focus, are mostly
constant over time, a fixed-effects model would exclude them from analysis. Instead, a
Pooled OLS model with Time Fixed Effects and Cluster-Robust Standard Errors (clustered
at the fund level) is utilized. This approach controls for macroeconomic shocks that affect
all funds in a given month while allowing analysis of static fund characteristics. (Petersen,

2009)
The baseline panel regression model is specified as:

Rt = yo +viSize; + v Age; + v3Art9; + y,Active; + Y ¢ Controls, ; + Ay + €;,(9)

To specifically test the "resilience hypothesis" in bear markets, an interaction term between
the characteristics and the Bear Regime dummy (DBear,t)is introduced. The interacted

model is:

ERit = Vo + X¥ViXkir + 20k (Xiie X Dpeare) + A + €1 (10)
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Where:
e ER; . is the excess return of fund i at time ¢

e Xy . represents the vector of fund characteristics age, SFDR classification and

management style
e (ontrolsy; include categorical dummies for asset type and geographical focus

e /A, represents the time fixed effects

e 0, captures the interaction effect: statistically significant positive 8 indicates that the

specific characteristics mitigate losses during bear markets

5.5 Portfolio Optimization

To evaluate if the empirical findings have practical effects and to answer the fourth research
question, the thesis implements a rolling portfolio-construction backtest within a mean-
variance framework (Markowitz, 1952). Rather than selecting a single fixed universe for the
entire sample, the candidate set is screened again at the end of each month using only the
historical information available at that date, which creates a design that avoids look-ahead

bias and creates an optimization that is a better example of a realistic investment process.

The minimum variance portfolio is obtained by solving the following optimization problem:

min w'Iw (11)
w
subject to:
N
wu= ,u*,Z w; =1 (12)
i=1

where w is the vector of portfolio weights, u is the vector of expected returns, and X is the

covariance matrix of asset returns.
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In addition to the minimum variance portfolio, this study constructs portfolios that maximize
the Sharpe ratio, following William F. Sharpe (1966). The optimization problem is defined
as:

w'u—R
WH— iy (13)

max
w w'Ew

where Rf 1s the risk-free rate.

Portfolio inputs are estimated using a 36-month trailing window ending at the close of each
month. A fund is eligible for that rebalance only if a full 36-month return history is available
within the look-back window. Within that window, expected returns are estimated from
trailing monthly fund returns and the covariance matrix is regularized using diagonal
shrinkage to reduce instability in the mean-variance inputs. The one-month U.S. Treasury
bill rate is averaged over the same look-back window and used as the monthly risk-free rate

in the Sharpe-ratio objective.

Before each rebalance, funds are ranked using a composite score based on annualized Sharpe
ratio, annualized alpha, bear alpha, annualized Sortino ratio, maximum drawdown, and
downside deviation. This score is calculated as an equally weighted average of standardized
components, in which higher Sharpe, alpha, bear alpha and Sortino ratio improve score and
maximum drawdown and downside deviation enter with reversed signs. So, the sorting
criterion is neither simply a lagged 36-month Sharpe ratio nor 36-month cumulative return,
but a composite risk-adjusted score that is calculated from trailing 36-month performance
and downside-risk measures. These measures are converted into asset-type-adjusted z-scores
so that one asset class does not dominate the ranking mechanically. The long-only strategy
admits the 60 highest-scoring funds, whereas the active-extension strategy admits the 30
highest-scoring funds on the long side and the 30 lowest-scoring funds on the short side. The
optimizer then solves for the maximum-Sharpe portfolio under long-only or 130/30-style

bounds, and the resulting weights are held for the following month only.

To incorporate market conditions into portfolio construction, the optimization is performed
separately for non-bear and bear market regimes. Expected returns and covariance matrices
are estimated using only the observations corresponding to each respective regime. This

allows for the identification of regime-dependent optimal portfolios and provides insight into
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whether ESG-oriented portfolios offer improved diversification or downside protection

during market downturns.

In the long-only portfolio, individual weights are constrained between 0 and 10 percent and
the weights sum to one. In the long-short portfolio, long-candidate weights are constrained
between 0 and 10 percent, short-candidate weights between -1 and 0 percent, and the total
budget remains close to a 130/30-style active-extension structure. Because the strategy is re-
optimized monthly, realized performance is evaluated out of sample using the next month’s

return after each rebalance rather than in-sample expected returns.
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6 Results

This chapter presents the study's empirical findings and the analysis of the results, structured
to address the main and secondary research questions outlined in the introduction. The
results are divided into four distinct sections to provide a comprehensive evaluation of ESG
mutual fund performance, starting from broad historical descriptive statistics to applied
portfolio optimization. These were done from a sample of 588 funds and 145 847 fund-

month observations.

Using the full timeline of the dataset, this first section reviews the performance of ESG-
focused mutual funds overall across the different market regimes, creating a baseline for
how these funds did in more significant market shifts and assesses risk and return in
comparison to market benchmarks. The second section then concentrates on downside risk,
analyzing how well these funds offer resilience in downturns (bear markets) by evaluating
metrics like maximum drawdown, downside deviation, the Sortino ratio, and bear-market
alpha. The third section presents the results from unbalanced panel regression models,
focusing on identifying fund characteristics that significantly impact risk-adjusted excess
returns and their contribution to structural resilience during market crashes. The final section
translates these empirical findings into a practical application by using a dynamically
screened fund set in a Markowitz optimization over 2015-2025. It compares a standard long-
only ESG portfolio with a 130/30 long-short ESG portfolio to determine if optimized ESG

strategies can deliver superior risk-adjusted returns.

These sections combined provide answers into how ESG funds navigate through varying
market conditions and how an investor could optimally direct their capital within ESG

mutual funds.

6.1 Overall Performance Across Market Regimes

This section compares average fund performance across non-bear and bear months using the
cleaned panel and the strict peak-to-trough regime classification. The analysis is based on a
cleaned monthly fund panel constructed in Python, in which each end-of-month observation

was matched to a fitting benchmark based on the fund's geographic focus and then classified
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into either a bear regime or a non-bear regime. The regime classification follows a strict
peak-to-trough definition used in the empirical setup, meaning that bear periods begin at the
market peak and end at the trough, which then allows for the analysis to be more focused

specifically on fund behavior during the times the market is declining.

Table 1. Benchmark level overview of the regime classification.

Bear Non-Bear Bear Mean Non-Bear Mean
Benchmark Months Months Return Return
MSCI EM U$ - TOT RETURN
IND 134 267 -2,89 % 2,33%
MSCI EUROPE U$ - TOT
RETURN IND 145 498 -2,67 % 1,77 %
MSCI USA U$ - TOT RETURN
IND 69 427 -2,41 % 1,50 %
MSCIWORLD U$ - TOT
RETURN IND 101 559 -2,61% 1,44 %

What makes the perspective of market regimes valuable, is the fact that a full sample
performance can hide a lot of variation in different economic and financial conditions. When
it comes to mutual funds, weak average performance may still be economically important if
the fund provides downside protection during periods of market stress and because of this, a
regime-based approach provides more information than a single unconditional return
comparison. This is especially important when the focus of the research is also on the

resilience in bad market environments and not only on performance overall.

Different benchmarks have different counts of regime months because not all geographical
benchmarks start mapping on the same date. In the sample used here, the MSCI World series
enters the mapped panel in January 1971, the Europe benchmark in June 1972, the U.S.
benchmark in September 1984, and the emerging-markets benchmark in August 1992. These
differences reflect the availability of benchmark-linked observations in the final fund-
benchmark panel rather than missing months inside the benchmark series themselves. In
each benchmark, the monthly history is continuous from the first available observation to

December 2025.

Table 1 and Figure 1 provide an overview of the regime classification at the benchmark

level. All benchmark series contain significantly more non-bear than bear months, which is
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to be expected over a long sample period. The number of bear months ranges from 69 for
the U.S. benchmark to 145 for the Europe benchmark, while the number of non-bear months
ranges from 267 to 559 depending on benchmark coverage. The average benchmark returns
also behave as expected across regimes. In bear months, average monthly benchmark returns
are negative for all benchmark groups, ranging from approximately -2.41% for the U.S.
benchmark to -2.89% for the emerging markets benchmark. In non-bear months, average
benchmark returns are positive throughout, with the highest mean non-bear return observed
in emerging markets at 2.33% per month and lowest in the world index at 1.44%. Overall,
the benchmark-level evidence indicates that the regime classification captures economically

meaningful differences between favorable and non-favorable market conditions.

Figure 1. Highlighted bear markets in each benchmark.
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Table 2 and Figure 2 report and show the results at the pooled fund level. In non-bear months,
the average monthly fund return is 0.89%, while the corresponding average benchmark
return is 1.55%. This yields an average relative return of -0.66 percentage points, indicating
that the sample underperformed its benchmark during non-bear periods. Average excess

return, calculated relative to the risk-free rate, remains positive in non-bear months at 0.72%.
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This indicates that the sample of funds, while underperforming benchmarks, still provides

returns in excess of the risk-free return.

Table 2. Compiled fund-level results compared to benchmarks.

Avg Fund Avg Benchmark | Avg Relative Avg Excess
Regime | Return Return Return Return Observations
Non-
Bear 0,89 % 1,55 % -0,66 % 0,72 % 116129
Bear -1,52 % -2,62 % 1,10 % -1,64 % 29718

The pattern is different in bear months, because as visible in Table 2, the average monthly
fund returns drop to -1.52%, while the benchmark's average return falls more steeply to -
2.62%, during these periods. Consequently, the average relative return becomes positive at
1.10 percentage points. This is an important finding to note for the first research question,
because it shows that even when losing value during bear markets (in absolute terms), the
performance of the funds is still better than it is for the benchmark indices in market
downturns. Meanwhile, the average excess return in bear months is -1.64%, suggesting that
resilience in bear markets is more about relative performance than absolute gains. So it can
be said that the funds did not generate any positive performance during market stress, but

the fall in performance wasn’t as much as it was for the benchmarks.
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Figure 2. Pooled fund-level returns compared to benchmarks
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Overall, Table 2 reveals that the sample has a defensive profile. In favorable market
conditions, the funds typically capture less upside than the benchmark, but in bear markets,
they provide some downside protection. If focused only on full-sample average returns, this
asymmetry and trade-off between lower upside and better downside defense would’ve stayed

hidden, which underscores the importance of comparing regimes.

Table 3. Regime results split between management approaches

Management Approach |Regime |AvgFund Return |Avg Relative Return | Observations

Active Bear -1,48 % 1,15% 28245
Active Non-Bear 0,86 % -0,68 % 110535
Passive Bear -2,27 % 0,16 % 1473
Passive Non-Bear 1,36 % -0,18 % 5594

Additional detail is provided in Table 3 and Figure 3, which split the regime results by
management approach. The results show a clear difference between active and passive

funds., which is indicated as passive funds achieving higher average returns than active funds
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in non-bear months at 1.36% per month versus 0.86%. Passive funds also exhibit less
benchmark underperformance in non-bear periods, with an average relative return of -0.18%
compared with -0.68% for active funds, suggesting that passive ESG funds were better at
capturing favorable market conditions, which is intuitive given their closer linkage to the

benchmark.

Figure 3. Regime results split between management approaches

Relative Fund Performance by Management Approach and Regime
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During bear months, the pattern shifts in relative terms. Active funds see an average monthly
return of -1.48%, while passive funds average -2.27%. Notably, active funds have a relative
return of 1.15%, compared to only 0.16% for passive funds. This suggests that active ESG
funds offered better downside protection during market downturns. Therefore, the active-
passive divide supports the broader conclusion from Table 3: active management may yield
less upside in non-bear periods, but this is partly balanced by increased resilience during

declines.

Table 4 extends the regime comparison to SFDR classification. The results suggest that the
differences between Article 8 and Article 9 funds are more mixed than the active-passive
comparison. In non-bear months, Article 9 funds show somewhat stronger average fund

returns than Article 8 funds, at 1.02% versus 0.88%, and they also exhibit slightly less
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negative relative returns, at -0.44% versus -0.66%. This shows slightly better participation
in rising markets for the smaller Article 9 group. However, during bear months, Article 8
funds tend to be more resilient. Their average monthly return is -1.51%, compared to -1.91%
for Article 9 funds, and their average relative return is 1.11%, versus 0.75% for Article 9
funds. This indicates that a stricter sustainability classification does not necessarily lead to

greater downside resilience in this sample.

Table 4. Regime comparison based on SFDR classification

SFDR Regime Avg Fund Return Avg Relative Return Observations
8 | Bear -1,51 % 1,11 % 28924
8 | Non-Bear 0,88 % -0,66 % 112594
9 | Bear -1,91% 0,75 % 794
9 | Non-Bear 1,02 % -0,44 % 3535

Yet this comparison between the SFDR classifications should be interpreted cautiously
because the Article 9 part of the sample is so much smaller than the Article 8 group. There
are only 794 observations, compared to 28,924 for Article 8 funds in bear-periods, and this
is why the split between SFDR categories is more supportive evidence than basis for
inference in this subsection. Even in this case, the comparison is interesting and useful, as it
shows regime-dependent performance to differ not only because of the management

approach, but also due to the regulatory classification within the ESG universe.

When compiled, the evidence in this section show three main points regarding the research
questions. First, the funds generally underperformed their benchmarks in non-bear periods,
and second, asymmetrically, the performance was better relative to the benchmark during
bear markets, with the funds experiencing smaller losses, while in market declines. Third,
this pattern that was found was clearer in actively managed funds, compared to passive ones.
The SFDR comparison showed mixed results: Article 9 funds appeared somewhat stronger
in non-bear periods, while Article 8 funds demonstrated better resilience during bear
markets. To summarize an answer for the first research question: ESG funds in this sample
did not consistently show outperformance compared to their benchmarks in all market

situations. Still, there was meaningful relative downside protection during bear markets.
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6.2 Downside Risk and Bear Market Resilience

This section takes a closer look at the downside properties of the fund sample, evaluating if
the resilience found in the previous section is also visible in more specific metrics used in
investigating downside risk. Python is used to combine fund level-metrics and a bear-
interaction regression model, specifically, to evaluate downside risk both descriptively and
econometrically. The descriptive analysis includes maximum drawdown, downside
deviation, the annual Sortino ratio, bear-period alpha, and bear-month return distributions.
The regression analysis investigates whether the influence of fund characteristics changes

when the market shifts from non-bear to bear months.

The overall downside-risk summary shows significant losses across the sample, with the
average maximum drawdown setting at -38.6%, with a median of -35.2%, indicating that
most funds experienced substantial declines at some point during the period. The annualized
downside deviation has an average of 10.3% and a median of 9.3%, highlighting meaningful
negative-return volatility even after aggregating at the fund level. The annual Sortino ratio
averages 0.277, reflecting that downside risk-adjusted performance was modest.
Additionally, the average bear alpha is -11.7%, with a median of -12.0%, suggesting that
during market stress, funds typically do not produce positive abnormal returns when

evaluated against benchmark exposure in a regression framework.

Table 5. Overall downside risk summary

Metric Mean Median | Std_Dev | P25 P75 Min Max

Maximum Drawdown (%) -38,64 | -35,18 16,63 | -48,70 -28,65 -99,94 0,00
Downside Deviation (%) 10,28 9,28 8,22 6,79 12,52 0,06| 141,00
Bear Alpha (%) -11,72| -12,04 7,71| -16,63 -5,58| -49,00 8,24
Annual Sortino Ratio 0,277| 0,261 0,499 0,031 0,489| -1,932 5,385

Note: Std Dev = standard deviation; P25 and P75 denote the 25th and 75th percentiles. MDD = maximum drawdown. Downside deviation

and Bear Alpha are reported in percent, while the Sortino ratio is reported as a ratio.

The figure built from the downside metrics’ deviation, gives good context regarding the
averages in Table 5. Maximum drawdown shows a lot of occurrences that is concentrated
well below zero, which is a strong indication that severe losses were a common feature of

this sample, rather than being isolated cases. Downside deviation on the other hand is a lot
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more concentrated but it exhibits quite a long tail to the right, implying that a subset of funds
was exposed to particularly large negative return volatility. Bear alpha has a few positive
observations, although it is mostly negative, and this combined with the other distributions
visible, it is very clear that this sample of funds is not uniformly defensive. Other funds seem
to be demonstrating much more managed and moderate losses, while others are much more
vulnerable, so based on these downside characteristics these ESG funds are in no way

homogenous.

Figure 4. Downside metrics distribution
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The bear-month return summary provides a clearer view of performance during unfavorable
market conditions. Average monthly fund return in bear months is -1.52%, while the
corresponding average benchmark return is -2.62%. This produces an average relative return
of 1.10 percentage points, meaning that the funds on average declined less than their
benchmarks during market downturns. However, average excess return in bear months
remains negative at -1.64%. This is an important distinction. The sample appears relatively
resilient in the sense of losing less than the benchmark, but it does not produce positive
absolute or risk-free-adjusted returns during bear markets. In other words, the resilience

observed in bear markets is relative rather than absolute.

Table 6. Bear-month return summary

Metric Mean | Median | Std Dev | P25 |P75 |Min Max

Fund Return in Bear Months (%) -1,52 -0,87 5,45(-3,94| 1,40| -43,74 36,26
Benchmark Return in Bear Months (%) | -2,62 -1,94 6,77 |-6,16| 1,77| -34,13 15,39
Relative Return in Bear Months (%) 1,10 0,78 7,11|-2,83| 4,76| -43,65 39,61
Excess Return in Bear Months (%) -1,64 -0,96 5,45(-3,99| 1,27 | -43,96 36,12

Note: Std Dev = standard deviation; P25 and P75 denote the 25th and 75th percentiles. Returns are monthly and reported in percent.
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This point also helps explain why the bear-alpha result is more negative than the raw bear-
month relative return might first suggest. Bear alpha is not just a simple return difference,
but a risk-adjusted intercept, which is estimated only from bear-market observations. The
current results indicate that although the funds fell less than their benchmarks on average,
this was generally not enough to produce positive abnormal performance once benchmark

exposure and the risk-free rate were taken into account.

Figure 5. Bear month return distributions
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The connection between maximum drawdown and bear alpha highlights that downside
resilience differs significantly across the sample, which is possible to see in the scatter plot
that shows that funds with larger historical drawdowns generally exhibit weaker bear alpha..
The correlation of 0.51 indicates that smaller drawdowns are often linked to better
performance during bear markets and conversely larger drawdowns tend to indicate that
those funds have lower resilience. Even though the correlation isn’t perfect, it suggests that

performance in bear markets and downside protection are connected as parts of fund quality.
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Figure 6. Correlation between maximum drawdown and bear alpha
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The characteristics-regime comparison provides the clearest evidence on which attributes
change most under market stress. In this figure, the non-bear effect refers to the coefficient
for a characteristic when Bear Regime = 0, while the implied bear effect is the sum of the
main effect and the bear-interaction term when Bear Regime = 1. The largest regime
changes are found in asset type. Relative to bond funds, equity funds have a positive non-
bear effect of 0.91 percentage points in monthly excess return, but this turns into an implied
bear-period effect of -1.52 percentage points, implying a bear shift of -2.43 percentage
points. Mixed-asset funds also weaken materially, shifting from 0.33 to -0.67 percentage
points. By contrast, real-estate funds improve from -0.13 to 0.75 percentage points, and
money-market funds improve from -0.30 to 0.36 percentage points. These results indicate

that asset type is the strongest source of regime sensitivity in the sample.
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Figure 7. Characteristics-specific effects in different market regimes
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Age effects are also important to consider. Compared to the incubation-stage reference
group, maturing, established, and legacy funds show either negative or near-zero effects
outside of bear markets, but their interaction terms during bear periods are positive and
statistically significant. The bear effects are approximately 0.12 percentage points for
maturing funds, 0.27 percentage points for established funds, and 0.26 percentage points for
legacy funds. This suggests that older funds do not appear particularly strong under overall
non-bear conditions, but they do become relatively more favorable in bear markets.
Geography also shows some regime dependence: U.S.-focused funds shift from -0.24 to 0.17
percentage points relative to the emerging-markets reference category, which indicates
improved resilience under stress. By contrast, the SFDR and management-approach
interactions are not statistically significant, implying that their bear-period differences are

weaker and less robust once the broader set of controls is taken into account.
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Overall, the evidence in this subsection points to three main conclusions. First, downside
risk in the sample is substantial, as shown by deep average drawdowns, meaningful
downside volatility, and generally negative bear alpha. Second, the funds still exhibit relative
resilience in bear markets, because average losses are smaller than benchmark losses even
though absolute and excess returns remain negative. Third, bear-market resilience is not
evenly shared across fund characteristics. Asset type is the strongest source of regime-
dependent behaviour, while age and, to a lesser extent, geography also become more
favourable under stress. Therefore, the answer to the second research question is that ESG
mutual funds in the sample provide some relative downside protection during bear markets,
but this resilience depends strongly on underlying fund characteristics and does not generally

mean positive abnormal performance.

6.3 Drivers of Risk-Adjusted Performance

This subsection examines which fund characteristics are associated with stronger risk-
adjusted performance in the full sample. The analysis combines descriptive fund-level
performance metrics with the baseline panel regression estimated in Python. The descriptive
part uses annualized Sharpe ratio, annualized alpha, and annualized Sortino ratio that are
calculated for each fund. These metrics are then summarized across the main fund
characteristics chosen for this thesis, which are SFDR classification, management approach,
geographical focus, and asset type. The regression analysis goes well with descriptive
comparing by testing if these characteristics are still linked to excess returns, even after

broader set of fund attributes are controlled for in the model.

The descriptive summary by characteristic shows substantial variation in average risk-
adjusted outcomes across groups. At first glance, the highest average Sharpe, alpha, and
Sortino values are observed among Article 9 funds and passive funds. Article 9 funds have
an average annual Sharpe ratio of 0.362, average annual alpha of 1.48%, and average annual
Sortino ratio of 0.493, compared with 0.174, 0.93%, and 0.270 for Article 8 funds. Similarly,
passive funds have stronger descriptive averages than active funds, with an annual Sharpe
ratio of 0.356 versus 0.169, annual alpha of 3.00% versus 0.82%, and annual Sortino ratio

of 0.513 versus 0.263. On a purely descriptive basis, these results suggest that the stricter
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SFDR category and passive implementation were associated with stronger risk-adjusted

outcomes in the sample.

Table 7. Descriptive summary by characteristic

An. Sharpe | An. Alpha Mean An. Sortino
Characteristic Category Funds | Mean (%) Mean
SFDR Article 8 570 0,174 0,93 0,270
SFDR Article 9 18 0,362 1,48 0,493
Management
Approach Active 555 0,169 0,82 0,263
Management
Approach Passive 33 0,356 3,00 0,513
Emerging
Geographical Focus Markets 49 0,262 2,17 0,354
Geographical Focus Europe 196 0,038 0,12 0,074
Geographical Focus Global 289 0,241 1,08 0,365
Geographical Focus us 54 0,294 2,10 0,474
Asset Type Bond 158 0,126 -0,28 0,174
Asset Type Equity 244 0,343 2,98 0,489
Mixed
Asset Type Assets 87 0,178 0,02 0,253
Money
Asset Type Market 88 -0,171 -1,61 -0,097
Asset Type Real Estate 11 0,165 0,93 0,239

Note: An. = annualized. Alpha refers to Jensen’s alpha estimated relative to the matched regional benchmark.

However, these descriptive differences should be interpreted with caution. The Article 9
category contains only 18 funds, and the passive group contains only 33 funds, compared
with 570 Article 8 funds and 555 active funds. This leads to the possibility that the mean
values for the smaller categories are heavily influenced by there being such a small number
of observations in them. The descriptive table is good at providing an overview of patterns
on the group level, but by itself, it isn’t able to explain if these characteristics actually stay

as robust drivers of performance in a broad sample.

When looking at the geographical comparison, a clearer descriptive structure can be seen, as
U.S.-focused funds record by far the highest annual Sharpe and Sortino ratios averages of
all the geographic groups at 0.294 and 0.474. Funds focused on emerging markets also show
decent average performance, with an annual alpha at 2.17%. Europe-focused funds display

the poorest descriptive performance by a very substantial margin. European Sharpe ratio sits



at 0.038, an alpha of 0.12% and Sortino ratio of 0.074. These averages reported here are not
confirming if these differences seen in the statistics are still significant after other factors are
accounted for, but these figures do clearly suggest that geographical focus may affect risk-

adjusted performance.

Figure 8. Risk-adjusted metrics
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The biggest descriptive differences appear in asset type. Equity funds show the highest
average annual alpha at 2.98%, along with an annual Sharpe ratio of 0.343 and an annual
Sortino ratio of 0.489. On the other side of the spectrum are money-market funds, which
perform clearly worse across all three dimensions, with a negative annual Sharpe ratio of
-0.171, an annual alpha of -1.61%, and a negative annual Sortino ratio of -0.097 Bond funds
show very modest performance in comparison to other asset types, the annual alpha being
-0.28% and the Sharpe and Sortino ratios being lower than those of equity funds, mixed-
asset and real-estate funds stand between the ends of this scale. The descriptive results
reported here already indicate that asset type is likely to be the most important source of

variation in risk-adjusted performance regarding this sample.

The baseline regression offers a more precise way of testing this speculation. The
descriptive summary didn’t asses the impact of each characteristic while controlling also
for the others or account for the panel data structure. From the regression results and the
list of significant drivers, it is easy to see that only a few characteristics actually stay

significant, when the model is estimated in this way.
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Table 8. Statistically significant characteristics

Estimate Monthly Excess

Characteristic Family Return % Pts P_Value
Geography: US (ref. Emerging

Markets) Geography 0,12 0,001
Asset: Money Market (ref. Bond) Asset Type -0,14 0,0004
Asset: Real Estate (ref. Bond) Asset Type 0,09 0,004
Asset: Mixed Assets (ref. Bond) Asset Type 0,11 0,0003
Asset: Equity (ref. Bond) Asset Type 0,41 0

SFDR classification or management approach doesn’t reach a statistically significant
association with monthly excess returns, when it comes to the baseline specification. The
coefficient for Article 9 funds relative to Article 8 ones is -0.05 percentage points, making
it not statistically significant, and the active management coefficient is also statistically
insignificant relative to passive management approach at 0.02 percentage points. Together
these results show that despite the strong descriptive averages that were observed for Article
9 and passive funds, those results didn’t translate into robust regression evidence in the full

sample.

In contrast, several coefficients related to asset types are both statistically significant and
economically relevant. Most substantial positive impact in the baseline model is between
bond and equity funds, where a notable positive coefficient of 0.41 percentage points in
monthly excess returns can be found. Other positive and significant coefficients can be
observed when looking at mixed-asset funds at 0.11 percentage points and real-estate funds
at 0.09 percentage points. Money-market funds on the other hand have a significant but
negative coefficient of -0.14 percentage points, when using bond funds as reference. These
findings imply that asset type is clearly the most constant and important influencer affecting
risk-adjusted performance in this dataset. One important distinction is that this doesn’t
suggest all asset classes performing strongly in absolute terms, but that they differ
significantly from the reference point, which in this case was bond funds, when all other

characteristics are taken into account.

In the geographic focus characteristic, the only statistically significant variable in this study
are U.S. focused funds. When using emerging markets as a reference group, the U.S.
category have 0.12 percentage points higher monthly excess return. Europe or Global fund

groups don’t differ significantly from the emerging markets category in the baseline
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specification. This means that geographic focus is not irrelevant, it does matter, but the
explanatory power is quite limited and concentrated around a certain variable, compared to
asset type characteristic. In particular, the U.S. effect remains large enough and statistically
strong even after controlling for the other included factors. By contrast, the broader
geographical differences visible in the descriptive results become weaker once the full set of

characteristics is taken into account.

Table 9. Baseline regression coefficients by characteristic

Variable Coef. (% pts) Std. Err. (% pts) P-value

Constant 0,050 0,070 0,4773
Article 9 (ref. Article 8) -0,050 0,040 0,2098
Active (ref. Passive) 0,020 0,040 0,6272
Europe (ref. Emerging Markets) -0,001 0,040 0,9661
Global (ref. Emerging Markets) 0,040 0,030 0,2064
U.S. (ref. Emerging Markets) 0,120*** 0,040 0,0010
Equity (ref. Bond) 0,410*** 0,030 0,0000
Mixed Assets (ref. Bond) 0,110*** 0,030 0,0003
Money Market (ref. Bond) -0,140*** 0,040 0,0004
Real Estate (ref. Bond) 0,090*** 0,030 0,0040
Maturing (ref. New) -0,040 0,040 0,3706
Established (ref. New) -0,003 0,040 0,9511
Legacy (ref. New) -0,060 0,050 0,1927

Note: Coefficients are monthly excess return effects in percentage points. Std. Err. = standard error. Reference categories are shown in

parentheses. ***, ** and * denote statistical significance at the 1%, 5%, and 10% levels, respectively.

Using the incubation-stage as a reference group, the coefficients for other age groups
(maturing, established and legacy) are close to zero and show no statistical significance. This
simply means that fund age in this full-sample baseline model is not a major factor that
influences risk-adjusted performance. What makes this finding somewhat significant for this
study is that it implies age alone doesn’t sufficiently explain the cross-sectional variations
under normal pooled conditions, when it comes to excess returns. It is still good to keep in
mind that age variable appeared to be more relevant in the bear-interaction analysis

conducted earlier.

The results in this subsection suggest a clear ranking between the examined characteristics.
Based on the results from the descriptive analysis, smaller groups like Article 9 and passive

funds looked to produce stronger than average risk-adjusted performance. After moving to
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the baseline panel regression as the method for analysis, it come apparent that these
characteristics hold no statistical robustness. Here, asset type becomes clearly the strongest
and most consistent driver of risk-adjusted performance and U.S. geographical focus is the
only other characteristic to hold any apparent significant positive effect, outside the asset
type group. That means that the answer to the third research question of the thesis is that
risk-adjusted performance differences come more from portfolio structure related
characteristics, in this case asset type, rather than from sustainability classifications or
management approaches. In short, observed performance differs because of underlying

investment exposure, and not because of ESG intensity or active/passive implementation.

6.4 Optimized ESG Portfolio Construction

This subsection extends the earlier performance and risk analysis into a portfolio-
construction setting. Whereas the previous subsections examined how ESG mutual funds
performed across market regimes and which characteristics were associated with stronger
risk-adjusted outcomes, the final step asks how these findings translate into an
implementable investment rule. Unlike the earlier static specification, the final optimization
i1s evaluated as a rolling out-of-sample backtest in which the candidate universe is re-

screened monthly and the resulting weights are held only for the following month.

The rolling backtest uses a 36-month look-back window and goes from January 2015 to
December 2025, producing 132 monthly rebalances. At the end of each month, all eligible
funds are scored using the same characteristic-aware ranking logic that was described in the
methodology section. The long-only strategy then takes the 60 highest-scoring funds, while
the active-extension strategy admits the 30 highest-scoring funds on the long side and the 30
lowest-scoring funds on the short side. Expected returns, covariance matrices, and the risk-
free rate are re-estimated at each rebalance date using trailing information only, which

removes the whole-sample look-ahead bias present in a static ranking approach.

The realized out-of-sample results favor the dynamically rebalanced long-only strategy.
Over the 2015-2025 backtest, the long-only portfolio achieved an annualized return of 3.65%
with annualized risk of 3.24%, producing a realized Sharpe ratio of 0.74. The maximum
drawdown of this portfolio stayed quite moderate at -3.18%, and one unit of capital grew to

approximately 1.49 over the sample. The long-only strategy was fully invested by
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construction, but it did not spread capital uniformly across all 60 candidates. On average,
only about 15 long positions reached weights that went above the reporting cutoff, which

means that the allocation was still-selective and not a fully diversified.

Table 10. Summary of rolling optimization backtest results

Rebalance | An. An. |Sharpe |Max Long Short Gross Avg
Portfolio Months Return | Risk | Ratio Drawdown | Exposure | Exposure | Exposure | Turnover
3,24
Long-Only 132 | 3,65% % 0,74 -3,18 % | 100,00 % 0,00% | 100,00% | 11,21 %
130/30-Style 3,33
Long-Short 132 2,77 % % 0,45 -5,78% | 119,25% | 19,25% | 138,49 % | 21,88 %

Note: An. = annualized; Avg = average. Max Drawdown = maximum drawdown. Long, short and gross exposure refer to average realized

portfolio exposures across monthly rebalancing periods. Turnover is reported as average monthly turnover.

Table 10 reports realized rolling-backtest statistics. The 130/30 strategy did have higher
gross exposure and materially higher turnover, but importantly the long-only strategy was

the one that achieved a higher Sharpe ratio and less drawdown.

The dynamically rebalanced 130/30-style strategy did not outperform the long-only portfolio
in realized out-of-sample results. The return it achieved stayed at 2.77%, accompanied by
an annualized risk of 3.33%, which translates to Sharpe ratio of 0.45 and a maximum
drawdown of -5.78%. The average exposures for the portfolios were 119.2% for the long
and 19.2% for the short, which in practice means that the optimizer was utilizing the ability
to active-extend but it did not reach 130/30 limit every month. From an investor’s
perspective, the result in this sample means that added flexibility of shorting only led to
higher turnover and complexity without significantly enhancing the actual realized risk-

adjusted performance.

The named selection-frequency figure makes the rolling result more interpretable. In the
long-only strategy, BlackRock ICS USD Ultra Sh Bd Sel Acc and Pictet-Short-Term Money
Market USD-P are selected repeatedly. Funds like Janus Henderson Balanced A2 USD and
a smaller set of global equity funds such as DNB Teknologi A and Fundsmith Equity also
appear quite frequently. This is a pattern that goes hand-in-hand with the composite score,
where cash-like and mostly short-duration fixed-income funds are rewarded for providing
low drawdowns and downside deviation. On the other hand, the recurring equity funds are
selected because of comparatively strong alphas combined with strong Sharpe ratios inside

their own asset-type peer group.
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Figure 9. Most frequently selected funds across monthly rebalancing
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In the long-short specification, the long book is still focused on defensive money-market and
bond strategies, whereas the short book more frequently includes regionally concentrated

equity and short-duration bond products with consistently low trailing composite scores.
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Therefore, the selection frequency should be seen as something that indicates high repeated

score, rather than proof that each recurring fund had a significant weight every month.

Figure 10. Rolling 12-month Sharpe ratios of the dynamically rebalanced portfolios
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The rolling 12-month Sharpe-ratio figure gives a time-series viewpoint to the summary
statistics. The long-only strategy dominates the latter part of the sample, especially in the
final years of the backtest, whereas the long-short strategy experiences more frequent periods
of weaker rolling risk-adjusted performance. Figure 11, which includes the portfolio growth
rates, points to similar conclusions, which is that both portfolios are able to generate positive
cumulative growth over this 10-year period, but there is no doubt that the long-only portfolio
grows more steadily and reaches a point of higher terminal value than the 130/30 long-short

version.
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Figure 11. Portfolio growth paths under monthly rebalancing
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These results should still be analyzed carefully. Although the rolling specification mitigates
the most significant whole-sample look-ahead problem compared with a static setup, the
strategy still relies on backward-looking estimates of returns, downside risk, and covariance.
In addition, the composite score includes specific preferences for downside control and bear-
market behavior, which explains why the long-only strategy remains relatively defensive.
The backtest should be seen as a historical implementation test and not as a forecast for

future optimal ESG allocations.

Monthly re-sorting and re-optimization produce economically meaningful ESG portfolios,
but the results favour a disciplined long-only strategy over the more complex 130/30-style
extension. In other words, a dynamic characteristic-based ESG allocation appears feasible
in practice, but in this sample the added flexibility of shorting did not improve realized risk-

adjusted performance.
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7 Conclusions

This thesis studied how mutual funds classified under SFDR Articles 8 and 9 performed in
different market regimes. It looked at whether these funds experienced lower downside risk
during bear markets, identified fund characteristics linked to improved risk-adjusted returns,
and assessed the practical application of these insights in portfolio construction. The
motivation for conducting this research came from two reasons: first of all, earlier research
on the subject has provided mostly mixed results, when it comes to financial performance of
ESG and the risks associated with it; second, even though sustainable investing keeps getting
bigger and is already quite significant at least in the European fund market, the evidence
around on if and how fund characteristics affect the performance of ESG mutual funds.
Especially because ESG mutual funds are in a changing environment, particularly due to the
SFDR framework. This is why the thesis focuses on Article 8 and Article 9 funds and the

behavior of them in the European Union regulations and market context.

7.1 Summary and Conclusions

The main research question of the thesis was the following:

How do ESG-oriented mutual funds perform across different market regimes relative to a

broad market benchmark?

he answer for the main research question is negative. ESG-oriented mutual funds in this
sample didn’t consistently outperform their benchmarks across bear and non-bear markets.
During non-bear periods, the average fund return was below the average benchmark return,
which suggests these funds captured less upside when markets were strong. The important
takeaway is that in bear markets the funds in this sample performed better, because their
losses were generally smaller than losses suffered by the benchmark. So, there was no overall
outperformance but the there was higher resilience in market downturns. In summary, ESG
mutual funds in this sample underperformed in non-bear periods but showed greater

resilience in bear markets.

The first secondary research question was:
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Do ESG-oriented mutual funds exhibit lower downside risk during bear markets compared

to the market index?

The results supported this partly. Downside risk metrics showed that while there were
significant drawdowns and downside volatility stayed considerable throughout the sample
time period, data from bear months shows that these funds did decline less than the
benchmarks during market stress. So, the ESG funds were not safe from losses altogether,
but they did preserve more value compared to market indices in relative terms in bear

periods.
The second secondary research question was:

Which fund characteristics explain better risk-adjusted performance across market

regimes?

The most significant finding was the importance of asset type. Asset type was by far the
strongest and most consistent factor that caused difference in performance compared to all
other characteristics. Equity funds showed stronger baseline performance than bond funds,
while money-market funds were weaker in normal conditions but more resilient during stress
periods. From geographical focus, only U.S. centred funds played any role in reaching better
risk-adjusted performance. Characteristics like fund age, SFDR classification and
management approach lost their significance, when the regression model considered
considered broader fund characteristics. On the basis of these results, it can be said that in
the ESG mutual fund space portfolio structure and how it is exposed to the market are the

drivers of performance and not sustainability classification.
The third secondary research question was:

Can a portfolio constructed of ESG-oriented mutual funds achieve superior risk-adjusted

performance across market regimes?

The results of the optimization are proof that it is possible to use these findings to build a
working portfolio, but in a cautious manner. The rolling out-of-sample backtest was used to
determine that a dynamically rebalanced long-only strategy beat the 130/30-style long-short
strategy in terms of risk-adjusted returns. Long only portfolio was able to get a higher Sharpe

ratio, and it had a lower maximum drawdown. In this case active-extension strategy only
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increased complexity, turnover and gross exposure without actually giving any better
performance in return. This shows that despite fund characteristics and downside risk
measures being useful in a dynamic allocation framework, in the sample used in this study

simpler was better than the aggressive long-short strategy.

Overall, the four research questions lead to a common conclusion. ESG mutual funds within
the SFDR Article 8 and 9 categories did not consistently outperform their benchmarks across
all market conditions. A noticeable resilience in bear markets was identified though, which
was primarily driven by the funds' underlying characteristics rather than solely their
sustainability classification, and it can be applied to develop a practical, dynamic portfolio

selection framework.

7.2 Research Relevance, Limitations and Suggestions for Further Research

This study both confirms and refines earlier research. It supports the idea from previous
studies that ESG-focused investments may perform better in tough market conditions. The
findings better match the broader research, where it is claimed that ESG performance is
situational, changes depending on markets and is conditional. Existing knowledge was
further developed by examining SFDR Article 8 and 9 mutual funds in a more recent
European context, where the things such as classification, regulation and investor interest
are constantly evolving. The idea that ESG investments can offer better protection in tough
market conditions is supported by this thesis, but the claim that consistent outperformance

can be found in ESG funds is not supported by this research.

The thesis provides relevance both academically and practically. In academic ways, it makes
the gap between ESG performance literature and market regime research smaller. In relation
to ESG funds specifically, this thesis provides information on the importance of fund
structure over sustainability labels. In practice the relevance can be found from the
perspective of investors and fund managers, because it suggests that ESG mutual funds offer
value as defensive investments rather than ways to outperform markets. Optimization in this
thesis demonstrates practically that a regime and characteristics-based fund selection can be

used as a dynamic investment framework.
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ESG investing has moved from being a niche topic, especially in Europe, to a point where
sustainable fund classifications and disclosure requirements are now integrated into the
financial landscape. Understanding whether these funds differ in performance, resilience
during downturns, and practical use is important for researchers and also for investors, asset
managers, and policymakers. Because sustainable finance regulation and ESG markets are
evolving, the figures and data in this thesis should be viewed as time-specific rather than

long-term benchmarks.

Several limitations should be acknowledged. First, the analysis only includes funds classified
under Articles 8 and 9, without direct comparison to non-ESG funds. This limits the ability
to make comprehensive comparisons between ESG and conventional funds. Second, the
sample includes various asset types, while market regimes are identified using region-
specific equity benchmarks. As a result, the regime classification captures general market
conditions instead of exact asset classes for each fund. Additionally, relying on current
SFDR classifications might not reflect changes in fund mandates or sustainability positions
over time. The minimum fund size threshold could also skew the sample toward larger, more
established funds. The rolling optimization approach offers a more realistic alternative to a

static, full-sample method, it still depends on historical data and past relationships.

Because of the mentioned limitations, this topic could be researched a lot further. Article
8&9 funds could be compared directly in several ways, and a matched sample of more
conventional mutual funds would help in clarifying if the resilience that was found in this
thesis is actually related to ESG matter and not just portfolio composition. Because asset
class was found to be so impactful, asset-class-specific benchmarks for regimes could be
used. Defining market regimes is also something that can be done in different ways, so it
could be beneficial to use different regime-identification methods (e.g. Markov-switching

Models, Hidden Markov Models) to see how the results possibly change.

As a whole, the value of this thesis lies in presenting more clearly when ESG funds appear
to perform stronger and is this stronger performance explained by certain types of funds, as
well as using those insights in practice. This study contributes to ESG mutual fund literature
by combining market-regime analysis, fund characteristic analysis and dynamic portfolio
construction in a clear SFDR classification setting. As the SFDR framework likely changes
in the future, it will be useful to re-examine the connections between fund classification,

investor flows, and realized performance by analyzing future data and updated regulations.
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Appendices

Appendix 1. Bear periods in months

Benchmark Bear Start Bear End Months
MSCI EM 1994-10-31 1995-03-31 6
MSCI EM 1997-08-31 1998-09-30 14
MSCI EM 2000-04-30 2001-09-30 18
MSCI EM 2002-05-31 2002-10-31 6
MSCI EM 2007-10-31 2009-01-31 16
MSCI EM 2011-04-30 2011-12-31 9
MSCI EM 2014-08-31 2016-01-31 18
MSCI EM 2018-03-31 2020-04-30 26
MSCI EM 2021-02-28 2022-10-31 21

MSCI Europe 1973-07-31 1974-10-31 16

MSCI Europe 1976-02-29 1976-11-30 10

MSCI Europe 1980-11-30 1981-10-31 12

MSCI Europe 1987-10-31 1987-12-31 3

MSCI Europe 1990-08-31 1990-10-31 3

MSCI Europe 2000-04-30 2003-03-31 36

MSCI Europe 2007-10-31 2009-03-31 18

MSCI Europe 2011-05-31 2011-12-31 8

MSCI Europe 2014-06-30 2016-02-29 21

MSCI Europe 2020-01-31 2020-03-31 3

MSCI Europe 2021-08-31 2022-10-31 15
MSCI USA 1987-09-30 1987-12-31 4
MSCI USA 2000-04-30 2003-02-28 35
MSCI USA 2007-10-31 2009-03-31 18
MSCI USA 2021-11-30 2022-10-31 12

MSCI World 1973-04-30 1974-10-31 19

MSCI World 1987-09-30 1987-12-31 4

MSCI World 1990-01-31 1990-10-31 10

MSCI World 2000-04-30 2003-03-31 36

MSCI World 2007-10-31 2009-03-31 18

MSCI World 2020-02-29 2020-03-31 2

MSCI World 2021-11-30 2022-10-31 12




Appendix 2. Sample composition background

Characteristic Category Funds Share (%)
SFDR Article 8 570 96.9
SFDR Article 9 18 3.1
Asset Type Equity 244 41.5
Asset Type Bond 158 26.9
Asset Type Money Market 88 15.0
Asset Type Mixed Assets 87 14.8
Asset Type Real Estate 11 1.9
Geographical Focus Global 289 49.1
Geographical Focus Europe 196 33.3
Geographical Focus us 54 9.2
Geographical Focus Emerging Markets 49 8.3
Management Approach Active 555 94.4
Management Approach Passive 33 5.6




Appendix 3. Baseline regression summary

Statistic Value
Dep. Variable Excess_Return
Estimator PanelOLS
No. Observations 145847
R-squared 0.0035
R-squared (Between) 0.5072
R-squared (Within) 3.961e-07
R-squared (Overall) 0.0020
Cov. Estimator Clustered
Entities 588
Time periods 660
F-statistic 41.890
P-value (F-statistic) 0.0000
F-statistic (robust) 55.107
P-value (robust) 0.0000

Included effects

Time




