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This study analyzes the performance of exchange traded funds (ETFs) in the U.S. markets,
combined with the incorporation of environmental, social and governance factors (ESG) into
investment strategies. Alongside ESG incorporation, this study also utilizes price momentum
and long-short strategies as investment approaches. 11 ETF portfolios for different strategic
approaches are constructed. The data time period extends from 2018 to 2021, incorporating
the Covid-19 pandemic’s effects on financial markets into the study. The objective is to
evaluate the performance of ESG-based strategies and their potential to outperform the
market and conventional investment strategies in changing market conditions. Multi-factor
regression models are used to assess each portfolio’s ability to generate excess returns and
market factor loadings. Sharpe ratio and information ratio serve as risk-adjusted metrics,
with drawdown analysis conducted to examine and compare portfolio losses during the
market crisis in early 2020.

Aligning with recent research on ESG-based ETFs, the results of the study do not provide
enough evidence to draw a conclusion about the impact of ESG incorporation on a
portfolio’s ability to generate excess returns. However, by employing a best-in-class
investment strategy and investing into ETFs with the highest ESG scores, positive alpha was
found. Risk-adjusted metrics indicate that performance against peer portfolios across all
strategies was improved with ESG screening. Price momentum portfolios generated high
returns after the onset of the pandemic, driven by tilt towards growth assets, but higher
returns were accompanied by higher volatility. Evidence from the drawdown analysis
indicates that ESG incorporation can reduce portfolio drawdown risk during a market crisis.
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Tama tutkielma kaésittelee porssinoteerattujen rahastojen (ETF) suoriutumista Yhdysvaltain
markkinoilla, yhdistden ymparistd-, sosiaalisten ja hallinnollisten faktorien (ESG)
hyodyntamisen sijoitusstrategioihin. ESG-strategioiden ohella tutkielmassa kaytetdan
sijoitusstrategioina momentum- ja long-short-strategioita, rakentaen 11 erilaista ETF-
portfoliota. Tutkimusajanjakso ulottuu vuodesta 2018 vuoteen 2021, siséllyttden
ajanjaksoon  Covid-19-pandemian  vaikutukset finanssimarkkinoilla.  Tutkimuksen
tavoitteena on arvioida erilaisten ESG-strategioiden suoriutumista kokonaisvaltaisesti seka
selvittéa, voisiko niilla saavuttaa etua markkinaindeksiin ja perinteisiin sijoitusstrategioihin
verrattuna. Tutkimuksessa kaytetadn multifaktorimalleja selvittdmaan portfolioiden kykya
tuottaa epadnormaalia tuottoa seka niiden painotuksia markkinafaktoreihin. Sharpen lukua ja
information ratio -lukua kaytetaan riskikorjatun tuoton arviointiin. Drawdown-analyysilla
vertaillaan portfolioiden riskié alkuvuoden 2020 markkinakriisin aikana.

Tutkimustulokset ovat padosin linjassa aihepiirin aiemman tutkimuksen kanssa, eikd ESG-
pohjaisten strategioiden kyvysta tuottaa ylituottoa saatu vahvaa ndyttoa. Sijoittamalla ESG-
pohjaisiin rahastoihin best-in-class -strategian mukaisesti, tutkimusajanjaksolla on kuitenkin
ollut mahdollista saavuttaa ylituottoa. Riskikorjatun tuoton mittareilla ESG-strategiat
paransivat portfolioiden suoriutumista. Momentum-portfoliot saavuttivat korkeaa tuottoa
pandemian aikana omistusten nojatessa kasvufaktorin suuntaan, mutta korkeampien
tuottojen ohella myds volatiliteetti kohosi. Drawdown-analyysin tulosten perusteella ESG-
strategioita hyodyntaméll& voidaan vahentaa riskia mahdollisen markkinakriisin aikana.
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1. Introduction and objectives of the research

Although both ESG-based (environmental, social, and governance factors) investing and
exchange traded funds (ETFs) are already established in the mainstream of the investing
world, they are still growing in popularity by attracting new investors and more capital. In
this modern era, growing awareness of environmental and human rights issues is, for many
people, a key principle in both consumption and investment related decision making. This
phenomenon is also acknowledged by corporations and financial institutions, and many of
them have embraced the objective of improving their activity and image regarding
sustainability and social responsibility. Sustainability is also a prominent trend in investing,
and the potential of sustainable funds, and more recently, ETFs generating abnormal returns
has been a subject of extensive research. On another note, there is a darker side of the
sustainability trend - the act of deliberately engaging in misleading marketing regarding ESG

and sustainability, commonly called “greenwashing.”

Sustainable or responsible investing, nowadays often synonymous with ESG investing, has
been under research as an investment approach and phenomenon from the 1980s onwards.
The first study focusing on stock selection by ethical factors was conducted by Moskowitz
(1972). Despite its history spanning several decades, sustainable investing only gained
significant traction in the early 21st century, when it rapidly developed into a commonplace
strategy for both institutional and private investors (Renneboog, Ter Horst and Zhang 2008).
According to a review by the Global Sustainable Investment Alliance (GSIA), global
sustainable investments had reached a total sum of assets under management (AUM) of USD
35,3 trillion in the major developed markets in 2020, which is an increase of 15% from 2018.
Additionally, sustainable investments make up to 35,9% of total assets under management
globally (GSIA 2021). Although ESG’s origins are based on ethical values, the possibility
of generating alpha while “doing good” has been a focus in studies for decades. According
to more recent research, the motivation behind modern ESG has in part shifted from ethics-
driven into profit-driven investing (Derwall, Koedijk and Ter Horst 2011; Revelli 2017;
Giese, Lee, Melas, Nagy and Nishikawa 2019). The financial motivations behind ESG
integration are also recognized, alongside the ethical values, by leading non-profit

associations advocating for sustainable investing (Finsif 2021; US SIF 2023a).



ETFs have also secured a place in the global investment environment in just 30 years. The
earliest ETF was issued in Canada in 1990, while the concept of the instrument was
popularized in the United States in 1993 (Foucher and Gray 2014) and since then, the amount
of assets invested in ETFs has grown rapidly, up to a global AUM of nearly USD 10 trillion
(Dogra 2022). According to a report published by Trackinsight, a leading ETF data and
analytics portal, ESG ETFs have grown from USD 4,5 billion AUM in 2014 to USD 425
billion AUM by the end of 2021 (Abboud 2022). Combining the current trends of making
sustainable investment decisions and ETF investing, ESG-based ETFs have become
attractive instruments for investors. The relatively small number of published studies
regarding the performance of ESG-based ETFs is acknowledged by Silvola and Landau
(2021, 174). The main reason behind this is simply the novelty of ESG-based ETFs, as most
of these ETFs have been launched in 2016 or later. In this study, the process of building the
data sample resembles the approaches of Nofsinger and Varma (2014), Lobato, Rodriguez
and Romero (2021), and Dumitrescu, Jarvinen and Zakriya (2023), who have used similar
samples and processes, including counterparts in their studies. A sample of ESG-based ETFs
was constructed from the applicable pool of ETFs by selecting ETFs with official ESG-
related investment objectives, and utilizing a third-party ESG rating, specifically the
Morningstar Sustainability Rating (MSR). Following this, a counterpart sample of ETFs,
with lower ESG ratings but otherwise similar characteristics to their ESG-based

counterparts, was selected.

Complementing the ESG-based strategies in this study, price momentum and long-short
strategies are active portfolio management strategies which seek to exploit trends and
inefficiencies in the markets. The price momentum strategy’s key principle is to capture and
benefit from existing market trends in asset prices. Pioneering articles on price momentum
strategies have been written by Jegadeesh and Titman (1993) and Moskowitz, Ooi and
Pedersen (2012). The long-short strategy allows investors to profit not only from assets
rising in value, but also from declining assets, adding flexibility and potentially improving
the risk profile and risk-adjusted performance of a portfolio (Jacobs, Levy and Starer 1999).
Utilizing these strategies alongside ESG incorporation provides a wider array of investment

strategies for performance evaluation and comparison during the Covid-19 pandemic.

The global Covid-19 pandemic that rapidly spread throughout the world in early 2020

causing widespread issues in economic activities, and the subsequent market crash starting



in March 2020, provide an interesting scenario for ESG ETF research. The pandemic was
declared as an emergency of international concern by the WHO in January 2020, and the
emergency status was declared to be over in May 2023 (WHO 2023). In early 2020, when
the virus rapidly spread and infection rates were rising around the world, the stock markets
started to react. The ensuing crash was the biggest market crisis since the crisis of 2008.
Narayan, Phan and Liu (2021) researched the effects of counter-Covid-19 policies in G7
countries, and found out that applying lockdowns, travel restrictions and economic stimulus
packages had a positive effect on the stock markets, cushioning the pandemic’s effects on
the stock market during the crisis period. Following the initial crash, markets recovered
quickly and kept rising until the end of 2021, reaching even higher than before the crash.

1.1. Objectives, research questions and limitations

This thesis focuses in two relatively new and modern, yet established areas in the financial
markets: ESG-based investing and ETFs, and examines their performance. In the field of
ESG-related research, this thesis seeks to contribute to existing literature by answering
whether ESG-based ETFs could outperform conventional ETFs and the market during the
challenging economic conditions caused by the Covid-19 pandemic. To find the answers to
this question, this thesis also incorporates price momentum and long-short strategies into the
ESG-based investing approach, with especially the pairing of ESG and price momentum

filling a niche where existing research is currently very limited.

A time frame of four years from the start of 2018 to the end of 2021 will be covered in the
research. It is also divided into two subperiods, which are later referred to as pre-crisis and
post-crisis periods. The subperiods are split at the end of 2019, roughly at the time of the
onset of the market crisis. The formed pre-crisis period covers years 2018 and 2019, covering
a relatively stable period returns-wise, ending right before the effects of the pandemic were
starting to hit the markets. The latter, post-crisis period covers the entirety of the crisis period
and the subsequent, fast market rebound. Additionally, price data from the year 2017 is
utilized in the study, solely for the purpose of forming price momentum -based portfolios,
enabling their holding periods to start from January 2018. The research is based on data
gathered on equity ETFs and market indices, with market factor data utilized in the multi-

factor models.



The main question of the research is the following:

Have ESG-based ETFs outperformed non-ESG ETFs before and during the Covid-19

pandemic in the United States?

This is the primary research objective. Portfolios of ESG-screened and non-ESG ETFs
traded on the United States markets are constructed and their performance is thoroughly
analyzed by utilizing data on absolute returns, risk-adjusted metrics and multi-factor
regression models. Relative performance comparison to a benchmark index is also
conducted for each portfolio. The main focus is on the full sample time period between
January 2018 and December 2021, but performance is also reviewed for the two subperiods
preceding the pandemic (2018-2019) and during it (2020-2021).

The secondary questions are:

Can ESG-based ETF investment strategies provide benefit for an investor during a

financial crisis?

The second research objective is to determine whether incorporating different investment
strategies into the sampled pool of ETFs could have provided benefit for an investor by
dampening the losses during a financial crisis, namely the Covid-19 crisis. These strategies
include incorporating price momentum strategies, long-short strategies and ESG into the
investment portfolios. Maximum drawdown analysis is conducted for the crisis period

portfolio performance review.

Are there differences in the market performance of these investment strategies for ESG-
based and non-ESG ETFs?

The third research objective is to compare the performance of each strategic approach by
their absolute returns, risk-adjusted metrics and multi-factor models. These methods are
applied for each portfolio, and their performance is reviewed alongside the benchmark index.
Additionally, the correlations of the monthly returns of each portfolio and the benchmark

index are examined.

How have different market factors, in addition to ESG, affected the market performance in

these strategies?



The fourth research objective focuses on the different market factors’ effects on ETF
portfolio returns. The factors are based on the Fama-French three- and five-factor models
and the Carhart four-factor model. Each multi-factor models’ regression results are reviewed
to analyze which factors have influenced portfolio returns, and whether the effects are
positive or negative. The ability of these portfolios to generate abnormal returns is also
analyzed. The multi-factor models are reviewed for the full data time period as well as 2018-
2019 and 2020-2021, to determine whether there are differences for the market factor

influences in pre-Covid and post-Covid scenarios.

This study focuses on ETFs traded in the United States, which restricts the geographical
scope of the results, but provides a robust sample of ETFs. It is important to note that a large
number of the United States-based ETFs in the sample have international constituents. When
this thesis is finished in November 2023, the situation in the global financial markets is still
in many ways unpredictable. Although the initial crisis caused by Covid-19 has now passed,
several events, not disregarding the pandemic’s consequences, affect the financial markets
and business environments globally. The analyzed time period is limited to a four-year
period between 2018 and 2022, focusing on the pandemic’s effects while also providing
insight on how the performance of the constructed portfolios and the benchmark were
affected immediately after the onset of the pandemic. With the data time period of this thesis,
the effects of the pandemic are incorporated in the research, leaving out events occurring
from 2022 onwards. Not extending the time period to earlier years also allowed for more
officially mandated ESG ETFs to be selected for the study. Regarding official ESG
objectives of ETFs and the ESG rating used in this study, it is acknowledged that an ESG
objective is not a guarantee of actual high ESG performance for an ETF (possibility of
greenwashing), and the ESG rating can vary depending on the ESG ratings provider, as well
as the sector allocations, individual constituents, and their weightings in each ETF.

1.2. Outline of the thesis

The first section is an introduction and gives an overview for the study, its background in
brief, as well as objectives and limitations. The second section presents the subject of ESG-
based investing, its frameworks and motivations, while also making introductions to the

phenomenon of greenwashing and ESG-related regulations. At the end of the second section,



the ESG rating utilized in this study, the Morningstar Sustainability Rating is introduced. In
the following third section, exchange traded funds are presented. The section will go through
the concepts and characteristics of ETFs, the markets they are traded in, and the benefits and
disadvantages they contain. The fourth section contains the literature review, which
summarizes prior academic research and theories that are related to ESG-based and
responsible investing, and the concepts and research on price momentum and long-short
investing, forming a theoretical background for the empirical part of the study. The fifth
section contains the data collection process as well as the methodology used in the models
in this study. The sixth section presents the empirical results of this study in detail. Finally,
in the seventh section, the results are compiled and answers to the research questions are
presented, with suggestions for potential future research, providing an insightful summary
of the thesis.



2. Background for ESG

This section provides the background for ESG-based investing as a concept, introducing
different approaches, strategies and motivations related to it. Closely associated with ESG,
the timely concept of greenwashing is reviewed, followed by inspecting and comparing the
evolving frameworks of ESG reporting and disclosure in the United States and Europe.
Finally, the ESG rating used in this study, the Morningstar Sustainability Rating, is
introduced.

2.1. What is ESG-based investing?

As stated in the introductory section, the terminology referring to sustainable investing,
socially responsible investing (SRI), and ESG-based investing lacks accurate standardization
and some terms such as sustainable and responsible investing can be used synonymously,
essentially referring to the same concept. However, as the most common motivations for
responsible investing have shifted from ethics-driven to profit-driven motivations in recent
decades, the concurrent shift from SRI to ESG in the mainstream investment vocabulary is
noticeable. The US SIF (2023a) definition for sustainable investing states that there is neither
a single approach, nor a single term to describe the concept, as different emphasizes can be
put under different labels by investors. It should also be noted that SR1 as a concept existed
before ESG factors were popularized, and ESG factors can be described as an evolved
concept that is based on SRI. In this research Finland’s Sustainable Investment Forum’s
description of responsible investing and US SIF’s description of sustainable investing are

used as a foundation for the research.

Finland’s Sustainable Investment Forum (Finsif) describes responsible investing as an
investing process which takes ESG factors into account when making investment decisions,
while also improving the profit and risk profiles of the portfolio (Finsif 2021). The US SIF’s
(2023a) description for sustainable investing is essentially the same, while also incorporating
positive societal impact in the definition. These descriptions are aligned with other

established descriptions for responsible investing while also incorporating ESG factors.



There are two major international networks of institutions and investors that provide
guidance and encouragement promoting responsible investment globally: the United Nations
Principles for Responsible Investment (UN PRI) and the Global Sustainable Investment
Alliance, which is an alliance between the Sustainable Investment Forum associations all
over the world, such as US SIF, Eurosif and Finsif. Both UN PRI and the GSIA member
organizations, or SIFs, in different parts of the world have thousands of major financial

institutions as their members.

The world’s leading advocate of responsible investment is the United Nations Principles for
Responsible Investment. Founded in 2006 after a meeting held the year before between the
then UN Secretary-General Kofi Annan and 20 investors from major institutions, the UN
PRI has grown consistently regarding both members and financial assets. In 2021, there are
over 3500 signatories in the PRI with a total AUM of nearly 120 trillion USD. (UN PRI
2022a)

The UN PRI (2022b) states that its mission is to encourage an economically efficient,
sustainable global financial system, which is a necessity for long-term value creation. Such
a system would reward long term responsible investing, benefiting environment and society

in the process. The UN PRI lists six principles to align investors with the mission as follows:
“1. We will incorporate ESG issues into investment analysis and decision-making processes.

2. We will be active owners and incorporate ESG issues into our ownership policies and

practices.
3. We will seek appropriate disclosure on ESG issues by the entities in which we invest.

4. We will promote acceptance and implementation of the Principles within the investment

industry.
5. We will work together to enhance our effectiveness in implementing the principles.
6. We will each report on our activities and progress towards implementing the Principles.”

Eurosif, which is the main organization of sustainable investment forums in Europe,
identifies seven different responsible investment strategies (Eurosif 2021a). When compared
to the more normative principles by UN PRI, these strategies can be described as concrete

means of responsible investing and define different approaches for a variety of investment



scenarios. The seven strategies identified by Eurosif (2021a) are as follows: ESG integration,
exclusions (negative screening), engagement, best-in-class, impact investing, norms-based
screening and sustainability themed investing. The US SIF (2023a) classifies two separate
strategies, by grouping six of Eurosif’s seven strategies, excluding engagement, into an
umbrella term “ESG incorporation” and separating shareholder engagement into its own
strategy. ESG integration includes ESG factor consideration into mainstream financial
analysis, focusing on potential impact that ESG issues may have on company financials.
Exclusions and negative screening mean that specific companies, sectors, or countries are
excluded from the investment universe. Common examples of screens include weapons,

tobacco, and animal testing (Eurosif 2021a).

The ESG factors comprise of several aspects. Environmental aspects include activities that
affect the environment in any manner, such as greenhouse gas emissions, energy efficiency
and usage of renewable energy, pollution and waste management. Social issues range from
workplace-related issues such as adhering to human rights, non-discrimination and
stakeholder engagement to broader, community-related aspects such as improving health
and education. Governance issues focus on the quality of a company’s management, culture,
and characteristics, emphasizing good principles such as transparent reporting and not taking

part in any bribery or corruption. (Eurosif 2021a)

Table 1 provides a concise overview of the different sustainable investment strategies for
U.S.-based investors, categorized together by US SIF (2023b) as ESG incorporation. US SIF
(2023b) describes ESG incorporation as a complementary toolset for institutional investors
to utilize alongside traditional quantitative financial analysis. The variety of ESG
incorporation strategies offer versatility for different scenarios, from avoiding poor ESG
performers to identifying best-in-class companies/sectors and integrating ESG factors into

larger risk-return evaluations.
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Table 1. Summary of US SIF’s (2023b) ESG incorporation strategies.

Positive/Best-in-class | Investments in companies or sectors with better ESG
screening performance relative to their peers. Can also include setting
thresholds based on ESG performance for investment selection.

Negative/Exclusionary | Actively excluding investments from a portfolio due to the

screening company or sector being involved in unethical or controversial
ventures.
ESG integration Planned, systematic inclusion of ESG factors into financial

decision making and analysis.

Impact investing Focusing investments into companies or projects with the

intention of solving social and/or environmental issues.

Sustainability themed | Curating themed portfolios by investing into assets that are

investing specifically related to sustainability.

Community investing | Directing funding towards projects or organizations, who aim to
aid and benefit impoverished communities in the United States

and internationally.

According to the GSIA (2021) and the UN PRI (2022b) the most common sustainable and
responsible investment strategy globally is ESG integration. In popularity it is followed by
negative screening and then by corporate engagement and shareholder action (GSIA 2021).
Negative screening is the most common strategy in Europe, while ESG integration is most
popular in the U.S. Increasing capital flows into ESG-based funds and growing academic

research are credited as the main drivers for increased ESG integration (UN PRI 2022b).

De Colle and York (2009) identified two purposes for SRI. From an investor perspective,
SRI allows investors to incorporate their personal values and ethics into investment
decisions. On the other hand, SRI encourages companies to improve their performance
regarding ethical, social and environmental issues. Schueth (2003) described two responsible
investor categories distinguished by their motivations. The first category includes investors
that make investment decisions that are aligned with their personal values and priorities,
which resembles De Colle’s and York’s (2009) definition of SRI purposes. The second
category is motivated by investing their capital in ways that work towards improvements in
quality of life, for example by driving positive change in society. More recently, following
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growing capital and the rise of responsible investing to the mainstream of the investing
world, Derwall et al. (2011) identified seeking profit as another motivation for making
responsible investment decisions, incorporating the assumption that responsible investments

could provide abnormal returns.

This profit-driven approach differs from the traditional motivations of responsible investing
and has since surpassed the original motivations for making responsible investments, which
has been studied by Revelli (2017). Revelli noted that ESG integration has become an asset
management strategy and splits the ethics-based and ESG-based approaches into separate
concepts. A globally conducted survey to institutional investors by Amel-Zadeh and
Serafeim (2018) indicated that a large majority of institutional investors are driven by
financial rather than ethical reasons. Also, the approaches to applying ESG investment styles
varied from ethics-driven investors. Most respondents suggested that ESG information does
carry an effect on investment performance, but the type of information in question varied
among different geographical locations. In contrast to the majority of findings in research
over the past 15 years, Renneboog, Ter Horst and Zhang (2011) discovered that institutions
and individuals who invest in responsible funds are less concerned about negative returns.
This finding was based on the responsible fund cash flows being significantly less sensitive
to past negative returns than in conventional funds, indicating that responsible investors

consider non-financial attributes in investment decision making.

After Renneboog’s et al. (2011) study, aligning with the findings of Revelli (2017) and
Amel-Zadeh and Serafeim (2018), Hartzmark and Sussman (2019) examined market-wide
investor preferences on ESG ratings (in this case, Morningstar Sustainability Rating) and
U.S. mutual funds, and found that higher ratings attracted higher fund flows, while lower
ratings led to reduced fund flows. Hartzmark and Sussman also link this phenomenon to
existing investor expectations of higher ESG ratings leading to higher returns. They also find

that investors expect more sustainable funds to carry lower risk.

Further supporting the findings on the ongoing shift of investment motivations regarding
ESG, Giese et al. (2019) also found evidence that investors are distancing themselves from
the ethical motivations in responsible investing. Giese et al. (2019) stated that surveys of
institutional index investors have shown that most investors are integrating ESG for financial
reasons while further distancing from social motivations, seeking improvement in risk-

adjusted returns while maintaining an investment strategy and existing factor allocation.
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Giese et al. (2019) also mentioned that active engagement, which is an important means of
sustainable and responsible investing, is more difficult in the scale of index investing. Index
investors have no choice over the components in the index, which may also include
components that the investor considers not responsible. This also means that ESG-based
index investing, which by nature is similar to ETF investing, could decrease the perceived
social benefit of an investment. Based on this, an investor should closely examine the
components of an ESG-based ETF and their screening to determine whether they achieve

their desired level of social benefit.

Finsif’s (2021) and US SIF’s (2023a, 2023b) descriptions of responsible investing align with
the ESG-based concept, described by Revelli (2017) which is less based on ethics and is
more profit-driven. This profit-driven approach has gained significant traction over the last
ten years, with ever increasing prominence in recent years. As presented in this section, in
academic research conducted during roughly the same period of time from Derwall et al.
(2011) to Giese et al. (2019), there is substantial evidence for this shift of motivation, with
the phenomenon existing both in institutional and private investors and in different asset
classes.

2.2. Greenwashing and the modern state of ESG

Greenwashing is the common term describing the phenomenon of a company’s or an
institution’s sustainability claims being different from their actual corporate practices and
actions (Walker and Wan 2012), and it is said to be more prevalent than ever before — still
becoming more common in 2023 (Montgomery, Lyon and Barg 2023). Yu, Luu and Chen
(2020) acknowledged several issues regarding companies’ ESG disclosure, including the
absence of a global governing body, different behavioural issues at company level, lack of
audition of ESG data and the lack of specific regulatory guidelines of ESG data reports. Yu
et al. (2020) identify three types of greenwashing, but particularly in the context of finance,
selective disclosure with the intention of misleading investors is highlighted as one of these
three types. The lack of regulation and standardization of ESG disclosure and data published
in companies’ sustainability reports is widely recognized in literature, for example in the
studies of Yu et al. (2020) and Candelon, Hasse and Lajaunie (2021). Especially the lack of
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regulation and standardization is associated with embellishing ESG reports, with the

objective of giving a more reputable appearance of sustainable operations.

As identified by Yu et al. (2020), in the combined framework of investing and ESG,
greenwashing occurs when a company engages in misleading ESG disclosure. Investment
funds can be guilty of greenwashing, for example by marketing ESG funds, which in reality
do not adhere to ESG principles, and in some cases can actually be the same or even worse
responsibility-wise than their conventional counterparts. This phenomenon of asymmetrical
information between asset managers and private investors was thoroughly researched by
Candelon et al. (2021), who analyzed a panelled dataset of 1500 mutual funds from
international markets. They recognize the difficulty of measuring non-financial performance
for investors and the misleading names of funds based in the EU and U.S. as problems that
have made “ESG-washing” (in this case, greenwashing in the context of mutual funds)
possible and potentially appealing for asset managers. This investor-targeted greenwashing
is also recognized by Montgomery et al. (2023) in their review of academic studies covering
greenwashing. Montgomery et al. (2023) identify the financial sector as a key factor in
greenwashing, with capital allocation carrying the power to punish or reward companies.
Candelon et al. (2021) recognize the need for improvement in ESG disclosure and regulation,
and acknowledge the initiatives that had already been taken in the EU and U.S. by the time
of their study, in order to form these improvements. These initiatives will be reviewed in

section 2.3.

A recent study by Dumitrescu, Gil-Bazo and Zhou (2022) found that one third of U.S.-
domiciled mutual funds during the time period 2011-2022 could be labelled as greenwashed
funds at least occasionally, as they evaluated each fund’s actions on a yearly basis.
Greenwashing was defined in this study as having an average or below Morningstar
Sustainability Rating and a less than 70% vote in favour of ESG supporting actions or
proposals initiated by shareholders each year. Funds with above average or high MSR were
automatically classified as legitimately sustainable in the study. Kim and Yoon (2023)
reviewed UN PRI signatory funds in the U.S., and discovered that the signatories do not
exhibit significant improvements in ESG ratings after signing the PRI. The signatory funds
however experience a significant increase in fund inflows after signing. The researchers

conclude that signing the PRI might not evoke improvements in ESG matters for funds, and
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that asset managers might sign the PRI to be able to market their funds as PRI affiliates. Kim

and Yoon (2023) also associate their findings to possible greenwashing.

2.3. Regulations on ESG reporting and disclosure in the United States and Europe

The issue of insufficient ESG disclosure, as highlighted by Yu et al. (2020) is recognized by
major global governing bodies such as the EU and the U.S., which are taking action to
address the concern. However, despite recent developments, there still are differences in the
regulation of ESG disclosure for financial products between the EU and U.S. In Europe,
ESG disclosure for sustainable financial products is already being regulated by the EU with
the Sustainable Finance Disclosure Regulation (SFDR). The regulation was introduced in
2018 as part of the EU Sustainable Finance Action Plan to improve market transparency
regarding sustainability claims in financial products and to prevent greenwashing. The main
provisions of SFDR became applicable in 2021, while more precise disclosure standards and
requirements were applied in early 2023. (European Commission 2023a)

In 2021, the European Commission also initiated a proposal for a Corporate Sustainable
Reporting Directive (CSRD) which significantly extended the scope of publicly listed EU
companies’ ESG reporting. The CSRD, which entered into force in January 2023, requires
more detailed ESG performance and impact disclosures with audit by external assurers for
all publicly listed and large companies in the EU. As the directive is currently in effect, first
companies will have to comply to it in 2024, with their reports published in 2025. (Eurosif
2021b; European Commission 2023b). With improved and more accurate disclosures, the
available information to utilize ESG incorporation into investment decision making is

improved for both individual and institutional investors.

The Securities and Exchange Commission (SEC) in the U.S. has been behind the EU
developments regarding enforced regulation for ESG, but recently actions have been made
towards a more standardized ESG disclosure system. In March 2021, the SEC announced
the creation of a Climate and ESG Task Force in the Division of Enforcement, with the task
force to start developing methods to survey and identify ESG-related misconduct. In the
announcement it was also stated that the task force’s initial focus would be in identifying

material gaps and false statements in financial issuers’ disclosures regarding climate risk.
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Additionally, the task force would analyze issues in disclosure and compliance regarding
investment funds’ ESG strategies. (SEC 2021a)

In June 2021, the SEC (2021b) announced their annual regulatory agenda, which included
proposed developments in ESG-related disclosure. The ESG-related areas that were
mentioned in the announcement were climate risk, human capital, including workforce
diversity and corporate board diversity, and cybersecurity risk. The early effects of the SEC
ESG Task Force on asset managers and investment funds, and a short-term outlook on the
future issues related to ESG enforcement were reviewed by Echavarria, Silva, Doberman,
Holmwood and Miller (2021). They concluded that managers and funds based in the U.S.
quickly need to adjust their focus into forming appropriate ESG practice disclosures, as the

SEC intends to further extend its investigations regarding ESG disclosure.

In March 2022, the SEC released a statement of proposed rules with a goal of standardizing
climate-related disclosures. The rule framework would include requirements on SEC
registrants’ climate-related risks and related risk management, and climate-related financial
metrics, along with a disclosure of the registrants’ greenhouse gas emissions. (SEC 2022a)
In a review on the matter by Weinberg (2022) it was highlighted that between June 2021 and
June 2022 U.S.-traded ESG ETFs experienced massive fund outflows compared to inflows,
which could, at least in part, be attributed to the lack of ESG disclosure amidst market

uncertainty.

As the necessity to focus on ESG practices urgently was highlighted by Echavarria et al.
(2021), by late 2023 the SEC ESG Task Force has already acted and charged institutions
which have failed to adhere to these procedures and policies. Notably, in autumn 2022, the
SEC charged Goldman Sachs Asset Management (GSAM) for mishandling ESG investment
procedures and failures in following its policies. GSAM had shortcomings in written policies
and procedures regarding one product in 2017/2018, and later when these were in place,
prior to February 2020, GSAM failed to consistently follow them. For these malpractices,
the SEC charged GSAM, which agreed to settle the charges for a USD 4 million penalty.
(SEC 2022b)

While the monitoring and concrete actions against these types of mismanaged ESG
procedures has been much more lenient in the U.S. in the past, it is clear that with the SEC

ESG Task Force and new regulations, a more controlled and stricter environment against
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misdemeanor is formed. With these established steps and further actions that are still
ongoing and shaping up, it is evident that the U.S. is also progressing towards more regulated
ESG disclosure similarly to the EU, where more advanced regulations are already in place

and still evolving.

2.4. Morningstar Sustainability Rating

First launched in 2016 by Morningstar, the Morningstar Sustainability Rating is a measure
which evaluates the ESG risks of financial instruments, including funds. In this study, the
Morningstar Sustainability Rating is used to help measure the sustainability of ETFs selected
for the analysis. The rating grades ESG related risk for funds from 1 (low ESG rank = high
ESG risk, worst regarding sustainability) to 5 (high ESG rank = low ESG risk, best) relative
to each fund’s general global category peer. This means that a fund could be classified less
sustainable than another, but still receive a better MSR score, if they were in different global
categories with varying relative ESG risk. The score output is presented as 1-5 “globes”, and

scores are issued on a monthly basis. (Morningstar 2019, 2021)

Figure 1. Morningstar Sustainability Rating calculation process. (Morningstar 2021)

Portfolio Corporate Historical Corporate Portfolio Corporate
Sustamability Score Sustamability Score Sustammability Rating .
D . Morningstar
stermine Sustainability
Surtability for Rating
Portfolio Sovereign Historical Sovereign Portfolio Sovereign
Sustamability Score Sustamnability Score Sustamnability Rating

The rating is calculated using Sustainalytics’ (subsidiary of Morningstar) ESG Risk Ratings
for corporate issuers. Since 2021, country risk has also been measured for sovereign issuers.
Finally, the rating is the result of a process including five separate steps, as seen in Figure 1

above and in more detail below. (Morningstar 2021)

1: Suitability for ESG rating: identifying portfolio holdings’ exposure to material ESG risks
and determining how the holdings are placed under the corporate and/or sovereign risk

ratings frameworks, if eligible.
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2: Portfolio Sustainability Score: calculating corporate and sovereign sustainability scores
for each portfolio, by an asset-weighted average of corporate and sovereign company-level

risk ratings.

3: Historical Sustainability Score: determining the 12-month trailing weighted average of
sustainability scores from Step 2, again including corporate and sovereign scores. More

recent portfolios are weighted more heavily.

4: Portfolio Sustainability Rating: ranking the historical sustainability scores of all scored
funds within a global category of peers, both corporate and sovereign when eligible. The

median score for each category is 3, while the rating scale is 1-5.

5: Morningstar Sustainability Rating: calculating the final rating, weighted proportionally
from Step 4 with corporate and sovereign ratings. Score output is presented as 1-5 “globes”,
and this is the rating used in this study, with data for each ETF collected from Morningstar’s

website.
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3. Exchange Traded Funds

Exchange traded funds, or ETFs, are investment instruments that typically track the
performance of a specific market index, such as the first ETF listed in the U.S. in 1993, the
SPDR, which tracks the S&P 500 index. After staying in the niche of investment products
for many years, ETFs started growing rapidly in popularity in the 2000s. The rapid growth
is still continuing, as the number of available ETFs is rising, newly launched as well as
already established ETFs keep attracting investors, and consumer knowledge on ETFs is
increasing. The United States, which is the country of focus in this research, is both
historically and in current day the most important market for ETFs. The United States ETF
market amounts to nearly three quarters of the global ETF market. (Statista 2022). Growth
in total NAV in ETFs available on the U.S. exchanges is visualized in Figure 2 (Statista
2023).

Figure 2. Total NAV of United States ETFs from 2002 — 2022 in billion USD. (Statista
2023)
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Anderson, Born and Schnusenberg (2010, 75) summarized the core idea of ETFs, which is
to allow an investor to capture and invest into the performance of an entire index in a single
transaction. In present day the variety in ETFs is larger, and there are ETFs tracking different

indices, markets, commodities and even strategies. Overall, the majority of ETFs are based
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on equities and equity indices. Compared to traditional, actively managed mutual funds,
ETFs offer greater transparency by clearly stating their investment strategies and listing their
holdings daily. The more passive nature of ETFs also allows for lower costs and fees than
traditional mutual funds. (Deville 2008; Lettau and Madhavan 2018)

The ETF share creation process involves authorized participants, which typically are large
institutional investors, and fund managers. The ETF manager can issue or redeem shares
with authorized participants in blocks called creation units in exchange for securities or cash.
Creation unit size ranges from 25 000 to 300 000 (Deville 2008) or 600 000 shares (Anderson
et al. 2010, 78). This interaction between the authorized participants and the fund is called
an “in-kind” transaction when creation units are changed for securities mimicking the ETF
holdings. Alternatively, cash transactions often involve additional creation fees because of
the additional cost of transactions which are required to achieve replication of the underlying
index. (Deville 2008; Anderson et al. 2010, 77-78; Lettau and Madhavan 2018)

There are two general types of replication methods which ETFs use to represent the
performance of the underlying index: physical and synthetic replication, of which the former
is more common. Physical replication samples the underlying index by holding the assets
that constitute the index, such as equities. For example, if an ETF is tracking the S&P 500
index, it will hold all the equities that are included in the index, or a representative sample
of equities that are included in the index. Physical ETFs are more transparent and less
complex to understand. Physical replication, however, has a drawback because of concretely
having to hold the assets, which can limit access to some markets and exposures. In contrast,
synthetic replication does not directly invest in the underlying asset, but is rather based on
investing in derivatives, such as futures and swaps. For example, an ETF that is tracking oil
price will hold a portfolio of oil futures instead of owning barrels of crude oil physically.
This provides access to investments where physical replication is not a viable option.
Synthetic ETFs rely on contracts with counterparties, paying the underlying index in
exchange for a portfolio that the ETF is invested in. This relationship causes an additional
counterparty risk for synthetic ETFs. (Meinhardt, Mueller and Schoene 2015; BlackRock
2022).

The ETF market structure includes two separate markets: the primary market for institutional
investors, where creations and redemptions are made, and the secondary market, which takes

place in an exchange and includes both institutional and retail investors. For these two
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markets, there are also two separate prices. The NAV for the primary market is the value of
a share of the fund’s holdings, and it is calculated at the end of each trading day, similarly
to mutual funds. The market price on the secondary market on the other hand is dependent
on the supply and demand of the fund shares on the exchange. This structure allows for
arbitrage opportunities for authorized participants, who can lock into profits intraday by
choosing to deliver creation units in exchange for ETF shares, which they can decide to sell
or keep. This mechanism helps to keep the price of the ETF close to the intrinsic value of
the ETF’s holdings in the underlying market. Another benefit of the mechanism is that in-
kind creations and redemptions can help absorb liquidity shocks affecting the secondary
market. (Deville 2008; Lettau and Madhavan 2018)

A significant benefit of ETFs is their tax efficiency, which however is dependent on the
market location. On the U.S. market, ETFs are very tax efficient compared to mutual funds.
For example, for ETFs that track underlying indices, there are very few capital gains
generated as the turnover in securities that form indices are low. Security changes in indices
are directly reflected into an index-based ETF, and low security turnover in an ETF leads to
low capital gains. Another example of tax efficiency is that ETF shares do not need to be
sold in order to fund cash redemptions, as shares are created and redeemed via in-kind share
creations and redemptions. (Anderson et al. 2010, 80, 83) In some markets, the tax benefit
that ETFs offer is smaller. In Finland, ETF taxation is very similar to mutual fund taxation,
and investors must pay a flat tax rate on the profit gained upon selling shares (Finnish Tax
Administration 2021). This tax policy effectively negates the tax efficiency benefit that some

other markets, including the U.S., can have.

In addition to efficiency regarding taxes, ETFs also offer benefits in liquidity and tradability
when compared with mutual funds. The main difference in liquidity and tradability comes
from the fact that ETFs can be traded continuously on an exchange (secondary market)
similarly to stocks, while mutual funds can only be traded once a day at their NAV, which
is computed after the market closes. Another positively differentiating factor between ETFs
and mutual funds is that an ETF investor has more tools in their disposal - ETF shares can
be shorted, lent and bought on margin, like stocks. This allows for a variety of investment
styles and makes ETFs suitable for hedging strategies. (Deville 2008; Lettau and Madhavan
2018; Anderson et al. 80-81).
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ETFs offer many advantages, but there are some potential issues to consider. The ETF
market price is determined by supply and demand rather than the underlying NAV, which
can lead to investors buying ETF shares at a non-optimal price relative to the NAV. Physical
replication can lead to liquidity risk, as a physically replicated ETF’s liquidity on the primary
market is dependent on the liquidity of its underlying components. Illiquid stocks can cause
an increase in liquidity risk for an ETF on the primary market, as the authorized participants
need to acquire the underlying assets to trade for ETF shares. For retail investors who trade
ETF shares on the exchange, the liquidity risk is generally smaller, as ETF trading on the
secondary market reflects changes of ownership of ETF shares, rather than incurring buying
and selling of the underlying assets. However, as Meziani (2016, 35-36) acknowledges, the
authorized participants’ role as market makers is important on both primary and secondary
market, because their share creation and redemption actions need to adjust with changing
supply and demand. If the demand for ETF shares on the secondary market is extremely
high, liquidity risk can arise if the primary market cannot keep up by creating new shares on
the primary market. (Lettau and Madhavan 2018, Meziani 2016, 32-36)

Another possible issue can rise from a tracking error relative to the underlying index.
Tracking error is the difference between the fund benchmark and fund returns. The
difference in returns can be caused for example by dividend payouts, or non-identical
sampling by excluding less liquid equities from the fund’s holdings. ETFs pay out dividends
on a fixed basis, such as quarterly, while equities may pay dividends at any time throughout
the period. This causes the possibility of an ETF holding cash temporarily, even though the
underlying index does not hold the cash. (Anderson et al. 2010, 81; Meziani 2016, 32, 36)

The emergence of ESG integration in ETFs was reviewed by Meziani (2016). As the first
ESG-based ETF, the MSCI USA ESG Select NR USD (KLD, later SUSA) was launched by
BlackRock in 2005, over a decade after the SPDR was launched in 1993, the relatively late
emergence of ESG ETFs could be explained by several factors (Meziani 2016, 182). To
begin with, ETFs didn’t start gaining popularity and growth globally until the mid-2000s,
and even then, exclusively those ETFs that were tracking the most notable benchmarks were
able to gain significant assets. Secondly, ESG started gaining attention in the mainstream as
late as in the 2000s as well. With ETFs gaining popularity later in the 2000s, responsible
investing and ESG were also becoming more popular, and soon ESG-based ETFs had
attracted the attention of both institutional and private investors. However, Meziani (2016,
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182-183) still acknowledged that the ESG ETF sector still was a small section of the entire
ETF industry, and the sector was highly concentrated on ETFs that were offered by very few
institutions. It must be noted that after Meziani’s (2016) book was published, the recent
growth in the ESG ETF sector has been immense. Trackinsight reported the total ESG ETF
AUM rising to USD 425 billion in 2021 from just USD 4,5 billion in 2014, showing that
ESG ETFs have solidified their status in the ETF industry (Abboud 2022).
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4. Literature review

This section will review earlier research relevant to this thesis, first by reviewing studies on
SRI and ESG-based investing in general, including recent research on the performance of
ESG-based ETFs. Literature behind the theoretical foundations of modern portfolio
management and the integration of SRI and ESG within this framework is presented. The
concepts of price momentum and long-short investment strategies are also introduced in this

section.

4.1. Performance of SRI and ESG-based investing

Research on SRI and ESG investing has increased simultaneously with the growing volume
of responsible investments. Previous research has achieved varying results with different
approaches and methods, but the most common consensus is that there is neither benefit nor
harm by making responsible investments. Revelli and Viviani (2015) conducted a meta-
analysis of 85 studies and 190 experiments on SRI and financial performance, and their
results indicated that there is no additional cost or benefit in SRI, but performance also varies
with different methodologies applied by researchers in their studies. It is also noteworthy
that there is a strong focus on the U.S. markets in the field of SRI research, according to von
Wallis and Klein in their meta-analysis (2015). The concentration of studies in the U.S.
market is explained by the United States’ longer history in responsible investing (von Wallis
and Klein 2015). Despite the academic literature’s focus on the U.S. market regarding SRI
and ESG, the financial performance of ESG investments is not solely dependent on the
geographical location of the market where the investments are made. This section introduces

findings from previous research focused on the U.S., Europe as well as global markets.

Kempf and Osthoff (2007) found that abnormal returns, or alpha, is achievable with SRI by
basing investment decisions on each stock’s social responsibility rating, or SRI rating,
similarly to modern ESG ratings. Kempf and Osthoff used these SRI ratings to form
portfolios of stocks included in the S&P 500 and DS 400 (since renamed to KLD 400)

indices, with one having high and another having low ratings, respectively. They found that
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a long-short strategy of buying high-rated responsible stocks and selling low-rated stocks at
the start of each year yielded a positive alpha of up to 8,7% per year between the research
period 1992-2004.

Renneboog et al. (2008) studied over 400 SRI mutual funds around the world, and found
that in most major markets, SRI funds underperformed benchmark portfolios, with average
risk adjusted returns being up to 6,5% lower per annum. Differences in return alphas,
however, were statistically insignificant and no evidence for underperformance was found
regarding alpha, except for a few countries. Their results indicated that funds with more
governance and social screens yielded lower risk adjusted returns, as higher screening

intensity constrains risk-return optimization.

Evidence for the positive effect of ESG on investment returns during economic downturns
and financial crises has been found in research in recent years. Nofsinger and Varma (2014)
studied a sample of SRI funds’ performance during the period 2000-2011, and similarly to
Renneboog et al. (2008) found that the return alphas were insignificantly negative and not
dissimilar from conventional funds. However, they found differences in performance during
non-crisis and crisis periods. In non-crisis periods, conventional funds outperformed SRI,
but in crisis periods, SRI funds outperformed by a larger margin than conventional funds did
in non-crisis periods. Additionally, they found that this outperformance was driven by
positive ESG factors, similarly to the best-in-class approach findings by Kempf and Osthoff
(2007) whereas negative screening did not perform as well in crisis periods. De and Clayman
(2015) studied ESG stock performance on the U.S. market between 2007 and 2012, also
finding a positive correlation between ESG and stock return during the peak of the financial
crisis, but not at other phases of their sample time period.

Contrary to the findings on long-short strategy by Kempf and Osthoff (2007), Bannier,
Bofinger and Rock (2019) found that a long-short strategy of long positions in high-ESG
and short positions in low-ESG firms delivered highly significant negative abnormal returns
in both U.S. and European markets between 2003 and 2017. Bannier et al. (2019) found that
increasing ESG scores indeed reduced firm risk, particularly downside risk in volatile
markets, which can be interpreted as an insurance-like attribute of corporate social
responsibility (CSR), also found in the research on CSR by Lins, Servaes and Tamayo
(2017). Bannier et al. (2019) found this phenomenon to be especially strong in the U.S.

market, with the same observation being made in De and Clayman’s research (2015). In a
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wider geographical scope, Giese et al. (2019) found that systematic volatility within the

MSCI World index constituents was lower with high ESG ratings.

On the other hand, Bannier et al. (2019) found that firms with lower ESG appear to offer
significant positive excess returns, effectively compensating for higher ESG risk, closely
resembling the findings made earlier by Hong and Kacperczyk (2009). Hong and
Kacperczyk (2009) approached SRI from an inverted point of view — by analysing the
performance of “sin” stocks, companies that are involved in the production of gambling,
tobacco and alcohol. These stocks would most often be removed from ESG portfolios that
utilize negative screening. The main finding made in their study was that large institutional
investors’ actions in avoiding controversial stocks causes a significant effect on the prices
of these stocks, providing statistically significant abnormal positive returns. Sin stocks
outperformed the market by roughly 2,5% annually. The findings were similar in different
markets globally. The expected return for sin stocks was also found to be higher, due to
avoidance by ethics-constrained investors and higher litigation risk that is typical for

controversial industries and companies.

More recent research focusing on low-ESG funds and stocks has suggested that the financial
performance on the lowest end of the ESG spectrum could be affected more by different
market phases. Evidence from both the 2008 financial crisis and the peak of the Covid-19
crisis in 2020 indicate that there is significant underperformance in low-ESG assets during
economic downturns (Chang and Krueger 2013; Soler-Dominguez and Matallin-Saez 2016;
Teti, Dallocchio and L’Erario (2023). Teti et al. (2023) also found that a long-short portfolio
of stocks on the European markets (STOXX Europe 600 Index was used as the pool for
stocks in the study) with yearly portfolio rebalancing based on ESG ratings could provide
abnormal returns during years 2016 - 2021. The researchers acknowledge that the positive
alpha coefficient of the long-short portfolio was not statistically significant in their study,
but state its consistency against several risk factors as a sign of potentially positive evidence,

albeit weak.

Taking on a different point of view, Giakoumelou, Salvi, Bertinetti and Micheli (2022)
focused on ESG’s role as a potential safe haven, and whether ESG could retain institutional
investors, during times of financial crisis. The relative safety that ESG could provide was
suggested earlier by De and Clayman (2015), Bannier et al. (2019), Giese et al. (2019) and
Singh (2020). Singh (2020) found via spillover effect analysis that even across long-short
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portfolios that are considered safe, particularly an ESG-based strategy attracts investors
seeking refuge during a crisis. Giakoumelou et al. (2022) build on these findings, based on
stocks from the S&P 500 and STOXX Europe 600 indices. They highlight the significance
and attractiveness of ESG as a factor that affects institutional investors’ decisions during
times of crisis. The researchers conclude that integrating ESG into investment decision
making has proven to be a successful hedging tool. These studies show that in recent years,

the possibilities ESG could offer in risk mitigation have been increasingly acknowledged.

Huang and Wang (2013) researched the performance of enhanced mutual funds, including
market neutral, 130/30, and long-short portfolios during the financial crisis period 2007-
2009. Their findings, based on the information ratio, indicated that all market neutral funds,
the top performing 90% of long-short funds and top 25% of 130/30 funds outperformed the
long-only passive index during the crisis. The short positions were found to be the key in
generating alpha, but it was attributable to the asset managers’ selections of stocks.
Importantly, Huang and Wang (2013) acknowledge that even if long-short strategies could
not generate significant alpha during the long term, they could provide useful risk mitigation
tools for crises and bear markets.

Prior research on stocks and mutual funds has produced mixed results on the overall
performance of sustainable and ESG investments, but there is an existing consensus that
ESG-based investment decisions could potentially provide a tool for risk mitigation, which
is also acknowledged by Finsif (2021) and US SIF (2023a). The potential of hedging
investments against risk by utilizing ESG-based strategies provides an interesting foundation
for the empirical part of this thesis, with its focus on ETFs, which are less studied, and
incorporating different strategies into ESG with the momentum factor and long-short

portfolios.

The research on ESG-based ETFs is still novel, as acknowledged by Silvola and Landau
(2021, 174). This is reflected in the publication years of the most relevant studies on the
subject. Lobato et al. (2021) researched sustainable equity ETF performance on 82 ETFs by
applying two single factor alpha measures and the Fama-French five-factor model. The
sample of 82 ETFs included 41 responsible ETFs and 41 conventional counterpart ETFs,
and from the total sample of 82 ETFs, 46 had a global investment focus while 36 were

focused on the U.S. market. The differences in performance found in the study were
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insignificant, and no statistical performance difference between socially responsible ETFs

and conventional ETFs was found for either global or U.S. markets.

ESG-based ETF performance during the Covid-19 market crash and the early period of bull
market that followed was researched by Pavlova and de Boyrie (2022). They applied multi-
factor models to assess ETF performance, categorizing ETFs by their Morningstar
Sustainability Rating, and their findings suggest that ESG-based ETFs did not outperform
the market during the crash. However, ESG-based ETFs outperformed the market
immediately before the market crash, which differs from the findings of Lobato et al. (2021)
which indicated indifferent returns. Another suggestion by Pavlova and de Boyrie stated that
during periods of tranquility in the market, assets with higher ESG risk may reward investors
with higher returns. This suggestion aligns with the findings by Hong and Kacperczyk
(2009) and Bannier et al. (2019).

Dumitrescu et al. (2023) covered a sample period from January 2010 to December 2020 in
their research. Their dataset consisted of 121 passive U.S.-based equity ETFs with ESG
components, and a comparable portfolio of non-ESG counterpart ETFs. They also applied
multi-factor models to assess performance, and correspondingly with the findings of Pavlova
and de Boyrie (2022) the results indicate that in 2019 and 2020 the ESG ETFs could
potentially have gained investors significantly better performance over a conventional
portfolio. The main driver that Dumitrescu et al. (2023) mention behind these returns is
inclusion-based or positive screening strategy, in particular screening based on
environmental criteria. However, this outperformance over conventional ETFs is only found
after a longer period of potentially worse returns, as in the full time period, there is
underperformance in the ESG ETF selection when compared against the counterpart
portfolio. From 2015 onwards until the end of 2020, the ESG and non-ESG portfolios
performed without any statistically significant differences. To summarize, the existing ETF
research evidence indicates that ESG and non-ESG ETF investments have performed fairly
similarly, but screening out ETFs with low ESG ratings may have limited potential returns
(Lobato et al. 2021; Pavlova and De Boyrie 2022; Dumitrescu et al. 2023).
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4.2. Theoretical foundations related to SRI and ESG-based investing

One of the most important theories regarding both ESG-based and conventional investment
management is the modern portfolio theory (MPT) by Markowitz (1952). The main principle
of MPT is maximizing the profit of an investment portfolio while also diversifying the risks
of the portfolio. The risk is diversified by selecting securities with the least correlation and
covariance among them. The assumption behind the theory is that investors are risk averse,
and given two choices of portfolios of same expected return, investors select the portfolio
which carries less risk. This means that an investor must be willing to accept higher risk
when expecting higher returns. According to the theory, it is possible for an investor to
construct an efficient frontier, which represents the best risk-return balance for an optimized

portfolio of their preference.

An investor who wants to make decisions based on ESG information or ethics is limiting
their choices in the possible pool of investments. In the context of ETFs, an example can be
made when an investor wants to invest in a market index ETF that has applied negative
screening to remove stocks from sectors that are not considered responsible or sustainable.
According to Renneboog et al. (2008) applying negative screening to the investment
portfolio hinders the ability to maximize risk-return optimization, which could possibly
lower the portfolio’s risk-adjusted returns. Based on the MPT, limiting the options of
possible investments by applying ESG or SRI methods puts a portfolio into a suboptimal

position when compared to a market portfolio.

According to Fama’s efficient market hypothesis (1970), which states that the stock markets
fully reflect all available information, there should be no opportunity for market
outperformance, including any gained by ESG-based investing. One of the first papers that
considered social and governance issues and responsibility in a modern sense regarding
stock investments was published by Moskowitz (1972). In his article he highlighted several
U.S. based stocks which he considered to be great assets in the portfolio of any investor who
valued a company’s social responsibility level in investment decisions. Moskowitz based his
selections on observations of positive and constructive responses on social issues made by
these companies over a four-year period. This can be considered a very early development
on what later became ESG. Moskowitz’ (1972) emphasis on social issues has similarities to

the stakeholder theory formed by Freeman (1984, 2010), according to which companies can
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gain long-term performance and sustainability benefits by adhering to a stakeholder-oriented
strategy. Later, Mollet, von Arx and llic (2013) established a connection between ESG and
stakeholder theory, stating that the concept of stakeholder value itself incorporates many
ESG factors.

A stakeholder-oriented strategy incorporates ethics and morals into management and takes
both external and internal stakeholders and their benefit into account. Donaldson and Preston
(1995), who examined the different aspects of the theory, described the stakeholder model
as a two-way relationship between the company and customers, employees, suppliers,
investors, political groups, governments, communities, and trade associations. They
identified three main aspects in the theory: its description of what a company is, its
instrumentality as a framework for examining the company’s connections, and its normative
fundamental base which defines the stakeholder relations to the company. According to the
study, direct contribution to economic performance improvement on the base of stakeholder
management was improbable. However, moral benefits on the grounds of the normative
aspect were identified, which could also contribute to a connection between stakeholder
management and successful economic performance (Donaldson and Preston 1995).

Despite Donaldson’s and Preston’s (1995) findings indicating that a concrete positive
relation between a stakeholder-oriented strategy and good economic performance was
unlikely, Waddock and Graves (1997) found better corporate social performance to be
associated with better financial performance, possibly in both ways. Better financial
performance would certainly allow for improvements in social performance, and
improvements in the social fronts and management practices could very possibly lead to
better financial performance, which would form a “virtuous circle.” In their study,
stakeholder management and relations were very closely associated with corporate social
performance, even implicating that they could practically mean the same thing. Waddock
and Graves (1997) also acknowledged the possibility of the positive relation being originated
from the fact that companies that perform well financially can also invest more resources in
stakeholder relations and social issues. On the other hand, companies with smaller pools of
available resources would most likely have to prioritize elsewhere, leading to less

opportunities to improve in different social fronts.

Similarly, to the normative aspect in stakeholder theory, the legitimacy theory concentrates

on the management practices and actions that a company takes within its network of
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stakeholders. The theory assumes that the company will adhere to social norms and
sustainability, building successful relationships with its stakeholders and ensuring long-term
business survival. Ignoring and neglecting social constructions and norms, or making other
controversial actions, may lead to worsening stakeholder relations and deteriorating
company legitimacy, thus decreasing company profitability, and potentially even threatening
the entire company. For example, controversial actions taken by a company could lead to
boycotts, sanctions or worsening supplier relations, harming the operations of the company.
(Hybels 1995; Lopatta and Kaspereit 2014)

Barnett and Salomon (2006) studied socially responsible investing from a perspective that
took stakeholder theory into focus. They found that companies that were positively oriented
on social issues could have better financial performance. Including these companies into a
screened portfolio could offset the decrease in the risk-return profile caused by the initial
screening. Lins et al. (2017) found evidence that companies with higher levels of corporate
social responsibility had higher stock returns during the 2008-2009 financial crisis. Higher
CSR levels were also connected to higher profitability and growth. Their study showed that
investments in social capital and good stakeholder relations benefited companies during a
crisis, when the public opinion on companies and markets suffered a negative shock.
Investments in social capital could be treated similarly to an insurance policy for times of
crisis, where the investors and the overall economy suffer a loss of confidence. These
findings by Lins et al. (2017) support both stakeholder and legitimacy theory, although no
difference was found between high- and low-CSR stock performance during the recovery

period.

In the context of stakeholder theory and corporate mergers, Deng, Kang and Low (2013)
examined a large sample of mergers in the U.S. Their research found that mergers by
acquirers who have a high level of CSR and a stakeholder-oriented means of operation,
succeed better in mergers than acquirers that have low CSR. Evidence was found for higher
post-announcement stock returns, value-weighted portfolios for both acquirer and target,
better long-time operating performance, and higher rate of deal completion. This supports
the stakeholder theory’s aspect of focusing on stakeholders benefiting the whole company

and its financial performance.
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4.3. Price momentum investing

Jegadeesh and Titman (1993) pioneered the research on utilizing price momentum within
stock market investment strategies. The methodology they utilized on their study would later
be referred to as cross-sectional momentum strategy in both academic research and
professional investment practices. Jegadeesh and Titman built upon the behavioral concept
of people overreacting to information, first researched in the context of stock markets by De
Bondt and Thaler (1985).

Jegadeesh and Titman (1993) based their study on a sample of U.S.-traded stocks from the
New York Stock Exchange and the American Stock Exchange with data from 1965 to 1989.
From this sample, the researchers sorted the stocks into two categories: winners and losers.
Winner stocks were the best-performing stocks over a specific period (for example the past
six months, which was the researchers’ focal point in the study), and the loser stocks were
the worst-performing stocks in the same period. From these categories, the best and worst
deciles were bought and sold, respectively, and held for the same period of time as the
formation period used to determine their selection. Utilizing this strategy led to indicate that
it would be able to produce abnormal positive returns.

Later, Rouwenhorst (1998) carried out research in the same manner as Jegadeesh and Titman
did in 1993, but in European markets. His study sampled stocks from 12 European countries
throughout 1980 to 1995 and found evidence that the momentum portfolios performed very
similarly in Europe in comparison to their American counterparts in Jegadeesh and Titman’s
1993 study. The price momentum held for all countries in the research, and for stocks of all
market caps, although the phenomenon was found to be stronger for small-cap than large-
cap stocks.

In 2012, Moskowitz et al. documented and named another momentum approach, the time
series momentum. Instead of the peer comparing, cross-sectional nature of the momentum
strategy researched by Jegadeesh and Titman (1993) and Rouwenhorst (1998), they focused
on the securities’ own past performance. Moskowitz et al. utilized a data set of different
futures prices, including index, currency, commodity and bond futures from 1985 to 2009.
Their findings showed a significant relationship between cross-sectional momentum and

time series momentum strategies, although both strategies are acknowledged to be distinct
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from each other. 12-month time series momentum profits were found to be positive for all

58 asset contracts that were a part of the study.

A common finding between studies on these different momentum strategies by Jegadeesh
and Titman (1993), Rouwenhorst (1998), Moskowitz et al. (2012) and also De Bondt and
Thaler (1985) is that over longer periods of time, the returns of “winners” start declining and
could even be overtaken by the returns of “loser” stocks. Regarding holding periods, returns
are shown to decline after the 12-month mark. De Bondt and Thaler (1985) show that at the
36-month mark, loser returns are higher than those of the winners, and Jegadeesh and Titman
(1993) acknowledge that the abnormal returns gained during the 12-month holding period

are eroded over the following 24 months.

Leivo and Patari (2011) combined price momentum strategy with several different value
strategies in an article focusing on the Finnish stock market. The application of a price
momentum strategy on value stocks was found to improve portfolio performance. In
particular, by employing a 130/30 long-short approach into a best value winner portfolio
(shorting “glamour” loser stocks) was found to significantly improve the risk-adjusted
performance during the time period 1993-2008. The 130/30 portfolio clearly outperformed
an equivalent long-only portfolio, with twice the average return of the stock market on the

same period of time, while also comparatively decreasing portfolio volatility.

4.3.1. Price momentum and ESG

The number of existing studies that link together ESG and momentum investment strategies
is small. Kaiser and Welters (2019) focused on the risk-mitigating effect of ESG with
momentum strategies. They used data from European listed stocks in their study. In line with
prior studies (for example Nofsinger and Varma 2014; Bannier et al. 2019; Giese et al. 2019;
Giakoumelou et al. 2022) on the risk-mitigating effect of incorporating ESG into
investments, they find that applying ESG strategies into momentum portfolios helps reduce
overall portfolio risk, and the effect is especially strong during a momentum crash.
Specifically, high ESG stocks survive bear market phases better than low ESG momentum
portfolios, which experience worse returns during downturns. On the other hand, Kaiser and

Welters (2019) find that during strong momentum rallies, some potential returns could be
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sacrificed with ESG criteria applied into investments. Kaiser (2020) later expanded the
research spectrum into the U.S. alongside Europe in another study, with similar findings
applying to the U.S. However, Kaiser (2020) argued that stronger established ESG interest
in Europe would result in stronger observable momentum effects in high-ESG stocks, with
effects in the U.S. being less strong.

Tolonen (2022) researched the performance of cross-sectional and time series momentum
portfolios with ESG incorporation on the German market. The study covered a time period
of 10 years from 2010 to 2020, and utilized risk-adjusted metrics and Fama-French
multifactor models to evaluate portfolio performance and exposure to market factors.
Momentum anomaly was found to be present in the German market with all constructed
momentum portfolios, including ESG-screened portfolios. All momentum portfolios
outperformed the market benchmark, with portfolio returns tilting towards the growth factor
being a determining component. However, Tolonen (2022) found that incorporating ESG
into momentum portfolios resulted in a decrease in portfolio performance over the full time
period. During the pandemic, the ESG-screened momentum portfolios also experienced
relatively larger losses.

Hua Fan and Michalski (2020) combined ESG integration with different factor investment
strategies on the Australian market. They found evidence for potentially improved
performance when combining the momentum factor with the governance factor of ESG,
however with other ESG factors implemented no improvement was found. Also, with stricter

ESG criteria, the performance improvements were dissolved.

4.4.Long-short investing

Conventionally, an investor buys assets with the expectation for them to increase in value.
If the investor has a very negative view of an asset, in a conventional long-only portfolio
they could only exclude the stock from their portfolio. But, if given the ability to short this
asset, the investor can benefit from the expected decrease in value, increasing opportunities

in active asset selection.

A key article on modern long-short portfolio management was written by Jacobs et al.

(1999). In this article, Jacobs et al. (1999) emphasize the need for integrative construction
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of the long-short portfolio, stating that a good long-short portfolio should be perceived as a
single portfolio rather than a combination of separate long-only and short-only portfolios.
This optimization should consider the expected returns and volatility of individual assets,
their correlations, and also the investor’s personal preference on risk. Additionally,
controlling the split ratio between long and short positions can be utilized to tweak portfolio
risk. This increased flexibility in portfolio management and the potential upside while

managing risk are the top benefits of the long-short strategy. (Jacobs et al. 1999)

Jacobs et al. (1999) also take into account the possible downsides that an investor could face
with a long-short strategy. First is the fact that with short-selling, increased costs often come
with it. Short-selling is a more complex process than conventional investing, and it includes
more costs, including borrowing, broker fees and trading costs. Depending on the investor’s
choices in risk management, additional leverage and the potential of unlimited losses by
taking a short position on borrowed stock would cause more risk than a conventional long-

only portfolio.

The 130/30 strategy allows the investor to underweight unattractive assets while also
improving the representation of the top assets, with potential outperformance (Johnson,
Ericson and Srimurthy 2007). In the strategy, a short position is opened for 30 % of the total
portfolio value, and the short-sold 30 % is reinvested into the long position, leveraging the
total long position to 130 % of the original portfolio value. The 130/30 approach has risen
to popularity in investment management fairly recently, with Lo and Patel (2008) releasing
one of the first major academic studies covering the strategy. In the study, they utilized ten
commercially available valuation factors to construct a 130/30 portfolio with stocks from
S&P 500, with monthly portfolio rebalancing. As continuous rebalancing and weighting is
a difficult task for such a portfolio, this was done using a novel algorithm. The resulting
dynamic portfolio performed better than S&P 500 during the research period, which
extended from 1996 to 2007, which was mostly attributed to the benefits of increased

flexibility.

Lo and Patel’s model’s indicated outperformance was replicated with the findings of
Johnson et al. (2007), who found both long and short positions to generate positive
outperformance, both in the U.S. and internationally. This outperformance was observed in
most years in their research period, spanning from 1994 to 2006. Johnson et al. (2007) also

emphasize that in terms of portfolio and risk characteristics, the 130/30 strategies are not
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very different from traditional long-only strategies. The highlight feature of the strategy is
the short portion of the portfolio, which increases flexibility (Lo and Patel 2008), and allows

the investor to profit from assets with negative expected returns (Johnson et al. 2007).

Gastineau (2008) advocated for the use of ETFs in a more conservative 130/30 strategy,
emphasizing how domestic sector ETFs provide a streamlined way to open a short position
without many of the downsides of shorting individual stocks. With the available capital of
an institutional investor, borrowing ETFs for short-selling is simple and lower in cost than
shorting individual stocks. Additional benefits of shorting ETFs are the near-zero possibility
of a short squeeze, which is a realistic risk with stocks, and the unlikely scenario of
unexpected increases in assets borrowing costs. Gastineau (2008) also stated that with
domestic sector allocation, the provided return dispersion rather closely resembles the return
dispersion of individual stock selection.

In the scenario of a market downturn, considering existing research evidence regarding the
potentially better performance of high-ESG assets (for example, Nofsinger and Varma 2014;
Bannier et al. 2019; Giese et al. 2019) and low-ESG assets potentially worse performance
(Chang and Krueger 2013; Soler-Dominguez and Matallin-Saez 2016; Teti et al. 2023)
combined with the evidence on long-short strategies (Huang and Wang 2013) it could be
suggested that a portfolio with long positions in high-ESG ETFs and short positions in low-
ESG or sin ETFs could absorb the market shock better than a conventional long-only
portfolio. With the price momentum factor shown to decrease downside risk when combined
with ESG (Kaiser and Welters 2019) incorporated into the mix of strategies, there are several
potential combinations of optimizing risk-adjusted returns and downside risk mitigation.
Leivo and Pé&téri (2011) combined value factors to a price momentum strategy, finding
enhanced portfolio performance and that returns were further improved with a 130/30 long-
short strategy. In the empirical section of this study, the ESG factor’s role in a similar

strategy is analyzed.
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5. Data and methodology

In this section, the processes of gathering the data sample for the research and portfolio
construction are demonstrated, followed by an introduction and key characteristics for each
portfolio. Then, the methodology to be used in the analysis is explained, beginning from the
risk-adjusted metrics after which the multi-factor models are introduced. At the end of this
section, considerations and limitations regarding the data are acknowledged.

5.1. Data collection process

The main data source for the thesis is the Refinitiv Eikon database. The data collection was
started by identifying equity ETFs that fulfil the set ESG criteria and have been available on
the market for the length of the sample period. Morningstar Sustainability Rating is
supporting the selection of ESG ETFs. The rating grades ESG related risk for each ETF from
1 (low ESG rank = high ESG risk, worst regarding sustainability) to 5 (high ESG rank = low
ESG risk, best regarding sustainability) (Morningstar 2019; Sustainalytics 2021). Similarly,
a set of conventional, non-ESG ETFs were selected for a counterpart comparison next to the
ESG ETFs. The approach of ESG-based ETFs and conventional, non-ESG ETFs as
counterparts has been used in related studies before, for example by Dumitrescu et al. (2023),
Lobato et al. (2021) and for mutual funds by Nofsinger and Varma (2014). ETFs traded on
U.S. based exchanges were selected, as the U.S. is the largest market for both ETFs and
ESG.

After completing the ETF selection, monthly adjusted closing prices for the selected funds
were retrieved for the four-year sample period starting from January 2018 to December
2021. In addition, price data for the preceding year from January 2017 to December 2017
was retrieved in order to provide data for the initial construction of the portfolios utilizing
price momentum strategies. The selected time period can be divided into two halves, with
the latter including the market crash and the subsequent growth period during the Covid-19

pandemic. Adjusted prices were used for the analysis, because they incorporate dividends
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and other corporate actions in the price data. The adjusted price data also incorporates the

recurring expenses into the price for each ETF.

The MSCI World Index was selected for the benchmark. As the selection of ETFs picked
for the sample in this thesis mostly represent the U.S. and the developed world, the MSCI
World Index is a well-suited benchmark with similar geographical coverage. Its suitability
as a benchmark option in a similar study was considered by Dumitrescu et al. (2023), who
acknowledged that U.S.-listed ETFs can hold international equities, and to account for this,
they used a portfolio of several MSCI World -tracking ETFs as an alternative benchmark in
their study. MSCI World represents large- and mid-cap stocks from 23 developed countries,
with 1510 (as of September 2023) constituents in total. It covers roughly 85% of the free-
floating adjusted market capitalizations of each included country, with the top 10
constituents being American, including Apple, Microsoft and Amazon, and adding up to
20% of the index weight. (MSCI 2023a) For the Fama/French market factors, data was
retrieved from Kenneth French’s data library. Market factors for developed countries were
used, as the data used for this factor dataset includes the U.S. and 22 other developed
countries (French 2023a, 2023b), forming a similar set of countries as the MSCI World
Index. Considering the geographical scope, this dataset is the best-fitting set of market

factors for the selected sample of ETFs in this study.

Eikon and ETF Database (etfdb.com) were utilized for the initial ETF screening. First, ETFs
that had an inception date later than 31st December 2017 were screened out, alongside ETFs
that were not traded in U.S.-based exchanges. Only purely equity-based ETFs were included
in the sample, screening out bond ETFs, a grouping which also includes ESG-based ETFs.
Additionally, leveraged ETFs were also screened out. With these screens applied, 969 ETFs
were applicable in the Eikon database. After applying the selected screens, based on
preliminary investigation, it was decided that there exists a sufficient number of ETFs

available for selection to conduct the research and ensure heterogeneity in the dataset.

In the selection process for the sustainable portfolio, ETFs with an official ESG,
sustainability or responsibility related objective were selected first. The objectives for each
sustainability-oriented ETF were determined and verified from information provided on the
issuers’ websites, such as prospectuses and fact sheets. According to these criteria, 36 equity
ETFs that had an official ESG, sustainability or responsibility related objective were selected

for the sustainable portfolio. The number is relatively low, and after 2017, the number of
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new ETFs that fit this set of criteria has grown significantly. As this amount of officially
mandated ESG ETFs suitable for this type of research would not provide a robust sample,
the Morningstar Sustainability Rating was utilized to determine additional ESG ETFs. The
MSR scores for each ETF in the study were collected during April 2022.

To ensure a robust sample for the analysis, an additional 49 ESG ETFs were identified. This
selection of ETFs was identified based on their Morningstar Sustainability Rating scoring.
ETFs with scores of 4 or 5 were selected, indicating above average or better ESG
performance relative to each ETF’s peer group. This group of ETFs was selected by
reviewing the ETF Database and Morningstar databases. On the ETF Database screener,
screens described earlier in this section for the Eikon screening were again applied to define
the pool of suitable ETFs, and the sustainability score of 4 or 5 for each selected ETF was
verified manually from the Morningstar database. A variety of ETFs with different
geographical focuses and strategic approaches, sectors, inception dates, and sizes were
inspected to further improve heterogeneity in the sample. In this phase of the data collection
process, the Morningstar Sustainability Rating was the primary screen used on the applicable
pool of ETFs, with the only other exclusions being applied on controversial industries, such

as gambling and weaponry.

Furthermore, during this screening phase, the selection prioritized ETFs with larger AUM
and a stronger emphasis on sustainability. Some ETFs with similar characteristics that
otherwise would have been suitable for inclusion in the study based on the initial screens,
and by receiving a high sustainability rating, were left out to maintain heterogeneity in the
sample. Generally, certain sectors and industries exhibit higher levels of sustainability
compared to others, and this characteristic is also reflected in ETFs that focus their
investments towards these sectors and industries. The majority of ETFs chosen for the study
contain equities from several different sectors (= total market ETFs), but the IT sector is the
single most represented sector in the study with 7 sustainable ETFs with an IT focus being
selected. On top of that, there are IT equities in the holdings of other ETFs with broader

portfolio selections as well.

After these two phases of screening, the sustainable ETF portfolio consists of 85 ETFs. No
further screening was conducted, and all ETFs included in this sample are determined as
sustainable by either an official ESG, sustainability or responsibility related investment

objective, or by having a high sustainability rating credited by Morningstar. Due to the
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relatively low number of officially mandated ESG ETFs listed in the U.S. with an inception
date before 2018, and to maintain balanced weighting for both official and non-official
sustainable ETFs, the total number of 85 with a roughly 50/50 split of these ETFs was
decided to provide an adequate sample. This number is large enough to ensure a sample with
a diverse range of sustainable ETFs for the research.

For each of the 85 ETFs that are classified as sustainable for the study, a less sustainable
counterpart ETF was selected with similar characteristics. The primary characteristics
utilized to find a suitable counterpart were geographical focus and sector/industry, with the

ETF AUM also taken into consideration.

The average AUM for the 85 sustainable ETFs at the time of data collection was USD 3124
million, and USD 3178 million for the 85 non-sustainable ETFs. The average amount is
inflated by a relatively small number of very large funds, and the median AUM numbers are
USD 462 million for sustainable ETFS, and USD 593 million for the non-sustainable
counterparts. Average expense ratios for the two groups are 0,39 % and 0,41 % respectively.
In both groups, there are 43 ETFs with a geographical focus on U.S.-based equities, and 42
with an international selection of equities. Regarding the market cap of ETF constituents,
the sustainable sample has 50 ETFs with a focus on large cap equities, 4 with mid cap, 2
with small cap, and 29 with multi cap equities. Similarly, the non-sustainable sample
contains ETFs of which 52 have a focus on large cap equities, 1 on mid cap, 3 on small cap
and 29 with a multi cap selection of equities. The sustainable ETFs are relatively new, as 50
of the 85 ETFs were launched in 2010 or later, 2016 being the peak year with 21 launched
ETFs. The non-sustainable ETFs are slightly skewed towards the older side, with 43
launched in 2010 or later and 42 in 2009 or earlier.

For a long-short portfolio with only an ESG-based selection and a non-momentum strategy,
a selection of eight very low-ESG ETFs, or so-called “sin” funds were chosen. Following
the same primary criteria as other ETFs in this study, the ETFs selected for the pool of low-
ESG funds are also traded in U.S.-based exchanges and have inception dates before 1st
January 2018. The selection of ETFs includes ETFs that invest in industries that are
considered controversial, non-ethical or non-sustainable, and would thus be screened out in
most common ESG investment practices. The eight ETFs in the selection prioritize their
holdings heavily towards the weapons industry, alcohol, tobacco, cannabis, gambling, and

on fossil fuels. In other words, the selection includes ETFs that would normally be removed
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from a pool of possible ESG investments by a negative screening approach. By selecting
these ETFs, the goal was to include a representation of the anti-ESG or “sin” investments
researched by Hong and Kacperczyk (2009), and Chang and Krueger (2013). With these
ETFs added to the sample, the total number of ETFs in the sample amounts to 198.

5.2. Portfolio construction

In this section, the general construction methods regarding price momentum and long-short
portfolios are introduced first. Then, the construction process for each individual portfolio is

described in detail.

The momentum portfolios held their positions for 12 months, from the beginning of January
to the end of December, so the portfolios were reshuffled at the end of each calendar year.
For the entire pool of ETFs, historical price data from January 2017 to December 2017 was
utilized to allow the momentum strategies to be applied from 2018 onwards. A total of 15
ETFs in the pool were launched in 2017. Due to their lack of historical returns data, which
is crucial for the momentum portfolio selection process, these ETFs were automatically
excluded from the initial pool of candidates for momentum portfolios during the first year
of analysis in 2018. These ETFs were available for selection for momentum portfolios from
2018 onwards. Two price momentum strategies are applied in different portfolios in this

study: cross-sectional and time-series momentum.

The more common approach to price momentum, cross-sectional momentum focuses on the
short-term relative performance of individual instruments within a particular predetermined
population, such as a market, sector, on in this case, a screened sample. This way, all ETFs
in the sample are divided into winners and losers, and particularly the best and worst deciles,
which are utilized in the portfolios in this study. The categorization to winners and losers is
used to take advantage of continuing price trends, with the holding and evaluation periods
overlapping. Portfolio reshuffles are done at the end of each year, with a 12-month time
period for both holding and performance evaluation. In performance evaluation, returns from
the start of January to the end of November are measured. This cumulative 11-month lagged
return from the previous year for each ETF is used to evaluate the relative rank for all ETFs

in the sample. Following this process, the top and bottom deciles of ETFs, eight ETFs in
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each to be exact, for each period can be determined. The month of December, being the final
month in the holding period, is left out to avoid the short-term reversal effect, documented
by Jegadeesh (1990). The cross-sectional strategy was first pioneered by Jegadeesh and
Titman (1993).

The main difference between cross-sectional momentum and the newer approach, time series
momentum, is that time series momentum focuses on each instruments’ own performance
rather than relative performance of multiple instruments in a sample. In this study, time
series portfolios are constructed using cumulative 12-month return from the previous year
multiplied by the most recent monthly return. Again, the ETFs are allocated into top and
bottom deciles, with eight ETFs in both. Moskowitz et al. (2012), in their initial study on
time series momentum, took long positions in instruments with positive past returns, and
short positions in instruments with negative past returns. This is the most common way of
employing time series momentum. In this study, the time series momentum long-short
strategy is modified to follow a similar allocation pattern as the one utilized in cross-
sectional momentum long-short portfolios. This means that the allocation is more weighted
towards the long side. The main reason for this is that a consistent number of ETFs in each

momentum portfolio is maintained throughout the research period in this study.

In addition to ESG and momentum strategies, different long-short strategies are also applied
to three portfolios. One portfolio includes a 50/50 long-short split and two momentum
portfolios utilize a 130/30 long-short split, with the capital freed up from short-selling being
reinvested into the long position. In this study, the long-short portfolios include twice as
many ETFs (16) as the long-only portfolios (8), paralleling the formation of long-short stock
portfolios in Leivo and Pétéri’s (2011) article. The exceptions to this are the full sample ESG
and non-ESG portfolios, which include 85 ETFs each.

The portfolios and their characteristics are described in detail below. Abbreviated portfolio
names are indicated in parentheses, and these names and abbreviations are used in text,
figures and tables later in this study. A summary of portfolio key characteristics can be found
in Table 2.

Full sample ESG ETF portfolio (ALL ESG). This portfolio contains 85 ETFs, the full sample
of ETFs selected for the thesis as sustainable. All ETFs are equally weighted in the portfolio.
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Full sample non-ESG ETF portfolio (ALL NONESG). This portfolio also contains 85 ETFs,
again the full sample of ETFs that were selected as less sustainable counterparts for the 85
sustainable ETFs. With these two portfolios of 85 ETFs, a straightforward comparison can
be made between ESG-screened and non-sustainable portfolios, both highly diversified. The
counterpart-based selection of corresponding ETFs for the non-ESG portfolio places
emphasis on ESG’s impact on returns, while keeping other variables reasonably constant.

This portfolio also has equal weights between all constituents.

Top ESG portfolio (ESG TOP). From the pool of 85 ESG ETFs, the best decile ranked by
ESG rating was selected for the portfolio. In total, the entire pool includes 9 ETFs that have
both an official ESG objective and the top Morningstar Sustainability Rating of 5. These 9
ETFs were then further sorted based on AUM, with the 8 largest being selected for the
portfolio. Mirroring the approach used for the portfolios with 85 ETFs, this portfolio is also
equal-weighted, and all 8 ETFs are kept in the portfolio for the entire duration of the research

period.

ESG cross-sectional momentum top portfolio (ESG CS MOM TOP). This portfolio includes
the ETFs that represent the top decile (8 ETFs) of the ESG ETF sample with the strongest
historical cross-sectional momentum for the subsequent investment year. The portfolio was
reshuffled at the end of each calendar year. (T-1 month, excluding data from December)
Historical monthly pricing data from 2017 onwards was utilized for the momentum
evaluation, so that the momentum portfolio(s) could be properly formed for the study period
of 2018-2021. The constituents are equally weighted in each holding period, throughout the

sample time period.

Non-ESG cross-sectional momentum top portfolio (NONESG CS MOM TOP). This
portfolio is formed from the pool of non-ESG ETFs, in the exact same methods as its ESG-
screened counterpart. The portfolio constituents are again reshuffled at the end of each

calendar year and are equally weighted during holding periods.

Non-screened cross-sectional momentum top portfolio (ALL CS MOM TOP). This portfolio
includes the top eight ETFs ranked each year by cross-sectional momentum from the entire
sample of ESG ETFs and their counterparts, ignoring ESG factors and criteria. This increases
the number of potential ETFs in the available sample to 190. Each ETF in the portfolio is



43

equally weighted. Following the same process as the other momentum portfolios, the

selection of ETFs is reshuffled at the end of each calendar year and are equally weighted.

ESG time series momentum top portfolio (ESG TS MOM TOP). In addition to the cross-
sectional momentum evaluation, time-series momentum approach was also employed for
portfolio construction. This portfolio again includes the top decile (eight ETFs) of each year
from the ESG ETF pool, now ranked by time series momentum. The selection and holding

processes follow the same pattern as the ESG cross-sectional momentum top portfolio.

Non-screened time series momentum top portfolio (ALL TS MOM TOP). Following the
same selection and holding process as cross-sectional momentum top portfolio, but utilizing
time series momentum, this portfolio includes the top eight ETFs from the entire sample of
190 ETFs.

50/50 long-short ESG/sin ETF portfolio (L/S ESG/SIN). This portfolio includes the top ESG
portfolio of eight ETFs and the same number of deliberately screened controversial “sin”
ETFs from the bottom end of the ESG rating spectrum, and has a 50/50 split of long/short
positions in each side. The long positions in the top eight ESG ETFs and the eight short
positions in the sin ETFs are held for the entire time period from January 2017 to December
2021 without any reshuffling done during the time period. Each individual ETF is equally
weighted.

130/30 long-short cross-sectional momentum portfolio (L/S CS MOM). This portfolio holds
a long position on the top decile of ESG ETFs by cross-sectional price momentum, and a
short position on the bottom decile of non-ESG ETFs selected with the same methodology.
Again, the holding and evaluation periods last for 12 months. Each individual ETF is equally
weighted, but the long/short ratio between ESG and non-ESG ETFs is 130/30, with the
amount that has been sold for the short position being reinvested in the long position.

130/30 long-short time series momentum portfolio (L/S TS MOM). The time series
momentum variant of the long-short momentum portfolio, with the same methodology
converted for the different momentum approach. Maintaining the same process of
momentum portfolio management as the cross-sectional long-short portfolio, 130/30 split on

long/short positions is utilized.
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Table 2. Portfolios and their key characteristics.

Portfolio #0fETFs  Rebalance ESG type Price momentum type
ALLESG 85 No Screened Mot applied
ALL NOMESG 85 No MSR average or below Mot applied
Best decile in ESG rating .
ESG TOP 8 No ) Mot applied
(best-in-class)
ESG C5 MOM TOP 8 Yearly Screened Cross-sectional
MOMESG CS MOM TOP 8 Yearly MSR average or below Cross-sectional
ALL CS MOM TOP 8 Yearly Mo screen Cross-sectional
ESG TS MOM TOP 8 Yearly Screened Time series
ALLTS MOM TOP 8 Yearly Mo screen Time series
Best decile (long), ve
L/S ESG/SIM 16 MNo (long), very Mot applied
low ESG (short)
Screened (long), MSR .
L5 CS MOM 16 Yearly Cross-sectional
average or below (short)
Screened (long), MSR ) .
L/S TS MOM 16 Yearly Time series
average or below (short)

5.3. Methodology

Multi-factor regression models based on the Capital Asset Pricing Model (CAPM) are used
for describing the returns of ESG-based and non-ESG ETF portfolios through market factors,
with Sharpe ratio, Jensen’s alpha and information ratio being used as performance measures
for each portfolio. Additionally, absolute returns are inspected, and maximum drawdown
analysis is conducted on the crisis period following the Covid-19 pandemic. First, Sharpe
ratio, Jensen’s alpha, information ratio and the approach for drawdown analysis are
introduced. Then, the multi-factor regression models; Fama-French three- and five-factor
models and the Carhart four-factor models are described. The calculations and quantitative
tests have been conducted in Excel and R, where packages sandwich, Imtest and broom were

used.

The Sharpe ratio, pioneered by William F. Sharpe (1966), is one of the most commonly used
metrics for evaluating risk-adjusted portfolio performance. By dividing the portfolio excess

return by its standard deviation, the ratio measures the investment’s performance in relation
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to the risk it has undertaken. A higher ratio indicates better risk-adjusted performance.
(Sharpe 1966). In this study, the annualized Sharpe ratio was calculated from annualized
monthly excess returns of each portfolio, divided by the returns’ standard deviation. The
risk-free rate used for the monthly excess returns calculation is the U.S. one month Treasury
bill rate, also used as the risk-free rate in Fama’s and French’s key studies (e.g. 1993, 2015).
The risk-free rate is retrieved from French’s database, and it is included in the market factor
dataset (French 2023a), which is utilized for the multi-factor regression analysis in this study.

The equation for Sharpe ratio is shown below:

Tp — Ty

(1)

Sharpe ratio =
Op

Where 7, represents the portfolio return, 75 the risk-free rate, and o, the standard deviation

of the portfolio’s excess return (1, — 7).

The second risk-adjusted portfolio performance measure presented in this study is the alpha,
often referred to as Jensen’s alpha, first introduced by Michael C. Jensen (1967). The metric
represents the return of a portfolio that exceeds or falls short of the predicted return, predicted
by an asset pricing model. A positive alpha value indicates that when accounted for risk, the
investment has earned excess returns and has beaten the market. Conversely, a negative
value indicates underperformance in relation to the forecasted return and market returns.
Commonly, the CAPM is used to find the alpha measure, but in this study, the alpha was
retrieved from the Fama-French five factor model regression. The equation used for
calculating alpha by the Fama-French five factor model is below (a,,). As the regression was
run with monthly time series data, the coefficient number retrieved from the regression is
the monthly alpha. To annualize the alpha, this monthly value was multiplied by 12. Symbols
are explained in Equation 6.

ay=1p— [r;+ B,(rm— 7f) + 5,SMB + hyHML + 1,RMW + c,CMA+ &] (2)

The next metric, often used as a metric for fund performance and the ability of the portfolio
manager, the information ratio measures portfolio returns against the returns of a specific
benchmark, such as an index, compared to the volatility of these returns. The ratio also
incorporates the tracking error, a measure of portfolio risk and level of active portfolio
management, represented by the standard deviation of the difference of the portfolio and

benchmark returns. In this study, the MSCI World index was used as the benchmark as its



46

broad coverage of equity markets in the developed world provides a comparable benchmark
for the ETF sample selected for this study. A higher information ratio indicates better
performance above the benchmark, and by outperforming it, the success of a portfolio
manager. The information ratio was calculated from annualized values, and its equation is

presented below, following Goodwin (1998):

T'p -1

(3)

Information ratio =
O-Tp —Tp

Where 1y, represents the benchmark’s returns. Subsequently, 1, — 7, represents the excess

return that the portfolio has gained over the benchmark, and o, _, indicates the standartd

deviation of these excess returns.

The portfolios are also compared by their returns throughout the analysis period, and
drawdown analysis is conducted to examine the effects of the Covid-19 pandemic on
portfolio returns. Indexed cumulative returns and annualized returns over the time period are

calculated and compared between portfolios and the benchmark index.

Drawdown analysis is employed to evaluate the impact of the pandemic on portfolio values,
quantifying the value changes in percentages. The portfolio values used for the calculation
for each portfolio are the minimum values reached during the pandemic, and the closing
values at the end of 2019. It should be acknowledged that for some portfolios, the lowest
points in portfolio values during the entire analysis period were reached during the year
2018. By specifically choosing this more controlled time frame for drawdown analysis, a
more informative comparison of the pandemic's effects on different strategies becomes

possible.

Different forms of drawdown measures were described by Bacon (2012, 97-106) and
reviewed from a risk management perspective by Geboers, Depaire and Annaert (2023).
Bacon’s (2012, 98) description of maximum drawdown is utilized here, modified to fit the
scenario presented by the pandemic. The description states that the maximum drawdown is
the maximum potential loss of an investment (decrease in value) over a specific time period.
When comparing the drawdowns between different investments, it is essential to maintain
the same time period for each investment in the analysis. Geboers et al. (2023) acknowledge
that this common method is simple and straightforward, but the information it provides is

somewhat limited in comparison to more advanced drawdown measures. This is due to the
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limitations caused by focusing on a single datapoint related to a specific price path. Despite
these limitations, the maximum drawdown analysis is a useful metric in evaluating the ability

of the investment strategies employed in this study to resist the crisis.

. Lowest value — 2019 closing value
Maximum drawdown = - (€))
2019 closing value

Where the lowest value is the minimum portfolio value in 2020-2021, and 2019 closing

value is the portfolio value at the end of December 2019.

Next, the multi-factor regression models are introduced. With these models, the objective is
to answer whether the portfolio returns can be explained with established market factors.
The selection of regression models is based on prior research in the field, where the models
have been used successfully to analyze mutual fund returns (Renneboog et al. 2008;
Nofsinger and Varma 2014), and more recently, also ETFs (Dumitrescu et al. 2023). The
multi-factor regression models used in the analysis are based on the widely used CAPM,
based on Markowitz’s (1952) modern portfolio theory, and developed individually by
Treynor (1961) Sharpe (1964), Lintner (1965) and Mossin (1966). The basic principle of
CAPM is that investors would be compensated for risk and time when holding a risky asset,
and with increased risk, the expected return should also rise. CAPM is relatively simple and
only includes a single explanatory factor, and more advanced models have since introduced
additional factors, extending CAPM and increasing model accuracy. Instead of CAPM, these
more advanced and accurate models are utilized in this research, and they are introduced in
the following paragraphs. Newey-West estimator (Newey and West 1987) has been utilized
in the regressions to account for issues presented by autocorrelation and heteroscedasticity
in the dataset, improving model accuracy. This will be described in more detail at the end of

this section.

Fama and French (1992) conducted a review on CAPM, and work of other authors regarding
different individual factors and their relationships to expected returns. Based on insights
from earlier studies, they incorporated several different factors into models to assess their
effect on expected returns. Further building on their findings, Fama and French then
introduced two additional factors and extended CAPM with their three-factor model, by

adding size (SMB) and value (HML) while retaining market risk as a primary factor.
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These factors were added to the equation to account for the outperformance of small cap
equities over big cap equities (SMB), considering the different risk-return profile of small
cap stocks, and value stocks over growth stocks regarding book-to-market ratio (HML),
accounting for the effect of company valuation on expected stock returns. Both of these
factors considerably add explanatory power to the model over CAPM. The factor data used
for the multi-factor model regressions was retrieved from Kenneth French’s data library,
with factor data included in the dataset Fama/French Developed 5 Factors (French 2023a).

The equation for the Fama-French three factor model is presented below:
r,— 1= ay+ Bp(tm — 17) + s,SMB + h,HML + ¢, (5)

Where 7, — 77 represents the portfolio excess return, the intercept a, represents the
abnormal return or the alpha, f8,, represents systematic risk that is immune to diversification,
and (r, — 1) is the difference between market return and risk-free return, the market risk

premium. SMB is the size factor (small minus big) and HML is the value factor (high minus

low), while &, represents the error term.

Carhart (1997) built upon the Fama-French three-factor model and introduced a new factor
in his four-factor model: the momentum effect (MOM). This factor is based on the price
momentum phenomenon discovered by Jegadeesh and Titman (1993) of recent past returns’
tendency to continue in the short term, especially in a 12-month time frame. However,
Carhart (1997) attributed the momentum phenomenon in mutual funds to higher weights in
previous year’s winning stocks, rather than following a momentum-based fund strategy.
Nevertheless, by adding the price momentum effect on the multi-factor model, the regression
accommodates the observed effect of higher investment returns being followed by higher
returns, and vice versa with below-par returns. Data for the momentum factor was retrieved
from Kenneth French’s database (French 2023b). The equation for the Carhart four-factor

model is presented below:
h— 1r= ap+ ﬁp(rm — rf) + $,SMB + h,HML + m,MOM + ¢, (6)

Where MOM (momentum factor) describes the difference of past winners’ and past losers’

returns.

Fama and French (2015) later extended their three-factor model with two additional factors,

forming a five-factor model. They added company profitability and investment as new
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factors, incorporating differences in profitability (robust minus weak, RMW) and investment
levels (conservative minus aggressive, CMA) between companies. In the model, higher
profitability leads to higher returns and higher levels of investment lead to lower returns.
This extended model provides even higher explanatory power and accuracy for examining
the expected return and its factors, although Fama and French (2015) stated that with the
added factors, the value factor (HML) became redundant in the model. The equation for the

Fama-French five-factor model is shown below:
r— 1= ay+ Bp(tm — 1) + 5,SMB + h,HML + 1r,RMW + c,CMA+ &, (7)

Where RMW represents the difference in returns between stocks of firms with robust and
weak profitability, and CMA in turn represents the difference in returns between stocks of
firms that invest conservatively and aggressively.

In these multi-factor regression models, the portfolio excess return acts as the dependent
variable, with the portfolio return and the risk-free return forming its constituents. The
portfolio return is the equal-weighted portfolio return, with individual portfolio constituent
returns calculated from adjusted monthly closing prices. The U.S. monthly Treasury bill rate

is used as the risk-free rate, as it is provided in the dataset (French 2023a).

The different market factors function as explanatory variables in the models. For each factor,
the beta coefficient represents the sensitivity of each factor towards portfolio return, and
whether the coefficient is positive or negative indicates the direction of the correlation.
Market excess return, size factor and value factor are present in all models. Additionally, the
Carhart four-factor model incorporates the momentum factor, and the Fama-French five-
factor model adds profitability and investment level factors into the regression. Each model
also incorporates the alpha coefficient, which indicates abnormal returns over (below) the

expected returns.

Before progressing to the results section, there are some considerations regarding the data
sample and its suitability for the regression models. As the data samples for the entire time
period and the two-year periods used for the regressions are continuous time series datasets
of monthly portfolio returns, testing for heteroscedasticity and autocorrelation was
conducted for each dataset (= for each portfolio and time period) before running the

regressions. To determine heteroscedasticity, Breusch-Pagan tests were run for each dataset.
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For autocorrelation detection, Durbin-Watson test was applied. These tests for all datasets

were conducted in R.

Both heteroscedasticity and autocorrelation were present in differing amounts in the datasets,
and due to this, the Newey-West estimator (Newey and West 1987) was used in the
regressions to resolve these conditions (Brooks 2008, 152-153), improving the reliability of
regression results. The Newey-West procedure requires a user-determined number of lagged
residuals used for the estimate, and following Brooks (2008, 152), lag length of four was
selected and used for all regressions. In the results section, all presented regression results

have utilized the Newey-West estimator.

It should also be acknowledged that in this thesis, the returns data does not accommodate
trading costs and other expenses which could have affected the values. These costs would
have particularly affected the momentum portfolios, and the portfolios that took short
positions in ETFs. The momentum portfolios would have encountered larger trading costs
due to yearly portfolio reshuffling, necessitating a higher number of transactions and
subsequently increasing costs. For the portfolios with short positions, additional costs would
have incurred from short-selling related actions, including borrowing, broker fees and

trading costs, as mentioned by Jacobs et al. (1999).
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6. Results

In this section, the results of the study are analyzed and presented, providing answers to the
research questions. First, the performance of the portfolios is examined by reviewing
descriptive statistics based on the monthly returns of each portfolio, and then comparing
their market performance to the benchmark index. The market performance is inspected by
assessing cumulative portfolio returns and active returns over the benchmark index. This is
followed by utilizing performance metrics in portfolio analysis, with Jensen’s alpha, Sharpe
ratio and information ratio serving as measures for assessing the effectiveness and risk-
adjusted returns of the portfolio strategies. Finally, the portfolio strategies are analyzed
comprehensively with multi-factor models; Fama-French three-factor model, Carhart four-
factor model and Fama-French five-factor model. The multi-factor model regressions are
presented for each portfolio and three different time periods: the full sample time period
from the start of 2018 to the end of 2021, and split into two shorter periods, 2018-2019
covering the years before the Covid-19 pandemic, and 2020-2021 covering the onset of the
crisis and the rebound period during the pandemic. These multi-factor models provide
evidence on which market factors have specifically influenced the performance of each

portfolio.

6.1. Portfolio descriptive statistics

Before going further into the results, this section presents descriptive statistics on the
portfolios and the dataset, providing initial insights and a brief overview. First, Table 3
displays basic summary statistics based on the portfolio returns for the entire sample time
period from January 1st, 2018, to December 31st, 2021. Portfolio returns and standard

deviations are shown as annualized values.
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Table 3. Portfolio returns statistics, full time period.

portfolio Portfolio Star-1d:?rd Highest Lowest Kurtosi Skewness
return deviation  monthly return monthly return

ALLESG 14,09 % 17,08 % 13,25% -14,98 % 1,867 -0,598
ALLNONESG 11,51% 18,14 % 13,83% -17,01 % 2,457 -0,618
ESG TOP 18,43 % 18,54 % 13,84 % -16,64 % 2,299 -0,617
ESG CS MOMTOP 17,33 % 19,53 % 15,22% -14,44 % 0,865 -0,057
NONESG CS MOM TOP 16,13 % 22,94% 17,44 % -18,20 % 1,146 -0,252
ALLCS MOM TOP 13,98 % 21,93 % 16,80 % -16,17 % 0,347 -0,059
ESG TS MOM TOP 18,68 % 19,43 % 16,34 % -15,59 % 1,301 -0,066
ALLTS MOMTOP 17,94% 21,27% 19,30 % -15,70 % 1,153 0,249
L/S ESG/SIN 6,18 % 6,36 % 3,93 % -5,24 % 2,353 -1,110
L/S €5 MOM 18,76 % 21,26% 15,80 % -12,16 % -0,072 0,009
L/S TS MOM 18,85 % 20,00 % 16,39 % -14,22 % 0,645 0,029
MSCI WORLD 13,85 % 16,56 % 12,83 % -13,17 % 1,236 -0,498

Portfolio returns and standard deviations are presented as annualized values. Highest and lowest monthly
returns are the maximum and minimum single month returns from the full time period. Kurtosis and skewness
are calculated from monthly returns over the full time period.

At the first glance at Table 3, it can be observed that most portfolios have exceeded the
returns of the benchmark index MSCI World, some by a clear margin. Nine out of eleven
portfolios surpassed the benchmark’s level of return, with the non-ESG sample portfolio,
and the long-short ESG/sin ETF portfolio producing less returns. The highest annualized
portfolio return was produced by the 130/30 long-short time series momentum portfolio, at
18,85 %, closely edging its cross-sectional momentum counterpart at 18,76 %, the ESG-
screened time series momentum top portfolio at 18,68 %, and the top ESG portfolio at 18,43
%.

Purely based on annualized portfolio returns, it is noticeable that ESG-screened portfolios
have produced better returns throughout the field than their closest, non-screened
counterparts that did not utilize ESG. The ESG top portfolio was by far the best portfolio
that maintained the same ETFs throughout the time period without reshuffling, earning
higher returns than the full sample ESG-screened and non-screened portfolios and the 50/50
long-short portfolio. Comparing momentum winner portfolios, the ESG-screened portfolios

produced better returns for both cross-sectional and time series momentum strategies.

Regarding the two price momentum strategies, time series momentum outperformed cross-

sectional momentum. Side-by-side comparison between portfolios constructed the same way
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reveals that the time series momentum portfolios edged their cross-sectional momentum
counterparts in both returns and more favourable standard deviation. This holds true for

ESG-screened, non-screened and long-short portfolios.

Immediately after reviewing the annualized returns, it is noticeable that all portfolios carried
more risk by standard deviation than the benchmark index, with the exception of the long-
short ESG/sin portfolio, which is less risky by nature with its 50/50 long-short approach.
Five different portfolios exceeded 20 % of standard deviation, including the top-earning
portfolio. The more diversified portfolios which include all ESG/non-ESG ETFs can be
found having the lowest standard deviations of the long-only portfolios, yet higher than the
benchmark’s. Generally, the momentum portfolios carry more standard deviation than the

portfolios which did not experience any reshuffling.

Assessing the maximum and minimum single month returns, similar observations on return
fluctuation can be made. Interestingly, the 130/30 long-short momentum portfolios
experienced better minimum monthly returns than any other portfolio, again with the
exception of the 50/50 long-short portfolio having the best minimum value. The benchmark
index’s worst monthly return falls between the long-short cross-sectional and time series
momentum portfolios. The highest single month return was achieved by the non-screened
time series momentum top portfolio, while the lowest single month return was experienced
by the non-ESG cross-sectional momentum top portfolio. Another interesting remark can be
made by the non-ESG full sample portfolio, with its unfavourable minimum single month
return at -17,01 %. For comparison, the benchmark index’s lowest monthly return was
-13,17 %. For nearly all portfolios, the highest and lowest changes were experienced in
consecutive months, in March and April 2020, and most monthly changes in the full time

period were below 10 %.

Finally, looking at kurtosis and skewness, it can be observed that all portfolios and the
benchmark have a kurtosis of less than 3. Noticeably, the long-short cross-sectional
momentum portfolio has negative kurtosis, indicating a flatter distribution curve in both
positive and negative monthly returns. For all but two portfolios, the skewness is negative,
indicating skewness towards the left and frequent smaller gains with fewer larger losses. The
two portfolios with positive skewness are the long-short momentum portfolios, although

they have near-zero skewness indicating normal returns distribution.
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Before reviewing the portfolio returns in more detail, a look at portfolio return correlations
provides interesting insights about portfolio structures. The correlation matrix is presented
in Table 4.

Table 4. Correlation matrix of the returns of all portfolios and the benchmark index, full

time period.
1 2 3 4 3 B 7 8 9 10 11 12
ALLLONG ESG 1
ALLLONG NOMNESG 0,99 1
ESGTOP 0,98 0,98 1
ESG C5 MOM TOP 091 089 093 1
MONESG C5 MOM TOR 0,50 0,90 0,93 0,97 1
ALLCS MOM TOP 0.8 0385 08% 0597 098 1
ESG TS MOM TOP 091 0489 093 0594 092 0,92 1
ALLTS MOM TOP 0,86 0,8 0,89 0,90 0,88 0,83 0,95 1
L/5 ESG/SIN -0,41 -048 -0,36 -0,25 -0,31 -0,22 -0,24 -0,16 1
L/S CS MOM 0,81 0,78 0,85 0597 0,92 095 0,89 0,84 -0,08 1
L/S TS MOM o84 o031 o087 09 o088 0485 098 0593 -0,13 0,88 1
MSCI WORLD g9 058 097 089 088 083 088 083 -042 080 0,81 1

The correlation matrix reveals that with the exception of the 50/50 long-short portfolio, the
returns are fairly highly correlated, with correlations ranging from 0,99 to 0,78. For the
benchmark index, MSCI World, the range of correlations is roughly the same at 0,99 to 0,80,
with the long-short momentum portfolios being the least correlated. The correlations are
very high for the long-only static portfolios, with 0,98-0,99. For the momentum portfolios,
there is more dispersion in correlation coefficients. Due to high levels of diversification, and
possible overlapping and similarity in some of the ETFs held in these portfolios, high
correlation levels can be expected. Furthermore, the lower correlation coefficients of the
momentum portfolios due to portfolio reshuffling and especially the 130/30 split of the long-
short portfolios is expected as well. Finally, the high correlation coefficients for the
benchmark index also serve as an indicator of the benchmark’s suitability for this study.

6.2. Absolute and relative portfolio market performance

Next, the portfolio returns are inspected in absolute and relative terms. Figure 3 presents the
cumulative returns for the non-momentum, long-only portfolios alongside the benchmark

index over the entire time period with an initial investment of USD 1000. Next, Figure 4
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presents the momentum and long-short portfolios with the benchmark in the same outline.
A figure with all portfolios can be found in Appendix 4. After reviewing the cumulative
return figures, Table 5 with active portfolio returns (against the MSCI World index) is
presented, by showing average active monthly returns for 2018-2019, 2020-2021 and the
full time period.

Figure 3. Cumulative portfolio returns for non-momentum long-only portfolios and the
MSCI World index, 1.1.2018 — 31.12.2021.
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Figure 3 instantly reveals that after the initial crash in early 2020, the top ESG portfolio
rebounded quicker than the more diversified portfolios and the benchmark, maintaining
quicker growth until the end of the time period in 2021. Between the full-sample ESG and
non-ESG portfolios the gap is closer, but before and especially after the crisis, the ESG
portfolio earned higher returns than its non-ESG counterpart. When reviewing the total
cumulative return over the four-year period, the full sample ESG portfolio and the
benchmark performed very evenly, while the non-ESG portfolio’s relative

underperformance only becoming more prominent during the rebound period starting in the



56

spring of 2020. Upon visual inspection, drawdowns for each portfolio and the benchmark

are very similar, and no clear distinction between the portfolios can be made.

Figure 4. Cumulative portfolio returns for momentum and long-short portfolios and the
MSCI World index, 1.1.2018 - 31.12.2021.
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In Figure 3, the cumulative performances between the highly diversified portfolios and the
benchmark were shown to be close to each other, but significantly behind the more strictly
screened ESG top portfolio. In Figure 4, the increased volatility and higher returns for more
advanced portfolios is particularly clear. Compared to the ETF portfolios, the MSCI World
index performed fairly well until after the Covid-19 crisis, after which most portfolios
generated much higher profits. Interestingly, in late 2021, all momentum portfolios
encountered losses to some degree, while the benchmark’s value rose. Despite the dip in
performance, the momentum portfolios outperformed the benchmark in cumulative returns,

albeit while experiencing higher volatility.

Another interesting phenomenon can be observed in 2018, as in relatively stable market
conditions there was a high disparity between momentum portfolio returns. The ESG-
screened cross-sectional momentum top portfolio struggled pre-Covid, but in 2020 and 2021

its returns were very high, making it the fourth-best momentum portfolio in cumulative
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returns over the entire time period. Higher disparity between portfolio returns can be partly
attributed to the fact that these portfolios hold less assets and most of them have less mutual
correlation than the non-momentum portfolios, as can be seen from Table 3. The 50/50 long-
short portfolio’s performance benefited from the difficult periods, but after 2020, its
performance started to decline. As seen in Figure 3, the ESG top portfolio, which forms the
long position of this portfolio, encountered slower growth and loss periods in 2021.
Considering this, it can be interpreted that the improved return of the “sin” stocks forming
the short position of the portfolio, thus generating losses, further drove the underwhelming
returns for the portfolio in 2021. Upon visual inspection, most differences between the spring
2020 drawdowns are not very noticeable in Figure 4. It can be seen that the non-ESG cross-
sectional momentum top portfolio encountered a more severe drawdown, while the 130/30

long-short portfolios survived the crisis relatively well.

Table 5. Portfolio monthly average active returns, for 2018 — 2019, 2020 — 2021 and the full

time period.

Portfolio 2018-2019 2020-2021 2018-2021

ALL ESG 0,00 % 0,05 % 0,03 %

ALL NOMNESG -0,18% -0,12 % -0,15%

ESGTOP 0,26 % 0,46 % 0,36 %

ESG C5 MOM TOP 0,18 % 0,41% 0,30%

NOMESG CS MOM TCOP -0,14 % 0,69 % 0,27 %

ALL C5 MOM TOP 0,10 % 0,09 % 0,09 %

ESG TS MOM TOP -0,17 % 0,96 % 0,39%

ALLTS MOM TOP -0,36 % 1,10% 0,37%

L/S ESG/SIN -0,35 % -1,02 % -0,68 %

L/S CS MOM 0,34 % 0,51 % 0,43 %

L/5 T5 MOM -0,17 % 1,00 % 0,41 %

Table 5 presents the monthly average active returns for each portfolio, first for the period
from 1.1.2018 to 31.12.2019, then monthly averages from 1.1.2020 to 31.12.2021, and
finally for the full time period. The main takeaway from the two separate time periods is the
performance improvement of several portfolios from 2018-2019 to 2020-2021. Seven of the
eleven portfolio’s monthly average returns were at the same level or below the benchmark
index’s monthly average returns in 2018-2019, including all time series momentum

portfolios.
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For time series momentum portfolios, the period after the onset of the Covid-19 crisis was
very strong, as they recorded the best average active returns out of all portfolios over 2020-
2021, with the non-screened time series momentum top portfolio earning an average of 1,10
% monthly return over the benchmark index during 2020-2021. The latter time period was
stronger for all cross-sectional momentum portfolios as well, except for the non-screened
cross sectional momentum top portfolio. The success of price momentum strategies during
2020-2021 points out that price momentum strategies could have been very beneficial during
the pandemic, whereas their performance shortly before the pandemic had been subpar.
Reviewing Figures 3 and 4, the cumulative returns during 2018-2019 were generally low
and relatively similar across the field, including the benchmark index. When the market
entered a period of faster growth, the momentum portfolios’ relative performance turned and

returns saw a massive growth, which can be seen in the average monthly active returns.

In 2020-2021 and over the full time period, only two portfolios recorded average active
returns below the benchmark. The best-performing portfolio pre-Covid by average monthly
active returns was the ESG top portfolio, which outperformed the benchmark index by 0,26
% on average on a monthly basis over the two years. Most ESG-based portfolios performed
relatively better in the latter time period, which could indicate higher ESG assets
experiencing higher returns in relative terms during the Covid-19 period, including the initial

onset of the crisis and the subsequent rebound period.

6.3. Risk-adjusted performance metrics

Following the presentation of portfolio returns, it is necessary to assess the risk associated
with the investment. This section reviews the portfolio returns using risk-adjusted

performance metrics. Additionally, the results of the drawdown analysis are presented.

As the first risk-adjusted metric, the Sharpe ratios for each portfolio are reviewed. Sharpe
ratio measures the investment’s excess return (over the risk-free rate of return) against the
returns’ standard deviation, which means that the ratio incorporates the investment’s overall
risk. The U.S. one month Treasury bill rate was used as the risk-free rate and to calculate
monthly excess portfolio returns. The Sharpe ratios for all portfolios and the benchmark

index are presented in Table 6, in annualized form and over the entire sample time period.
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The results of the Sharpe ratio calculation, combined with the return and risk numbers,

provide valuable information for investors with different risk preferences.

Table 6. Annualized Sharpe ratios for each portfolio and the benchmark index, full time

period.

Portfolio Excess return Standard deviation Sharpe ratio

ALL ESG 12,84 % 17,15 % 0,75

ALL NOMESG 10,29 % 18,22 % 0,56

ESG TOP 17,14 % 18,61 % 0,92

ESG C5 MOM TOP 16,05 % 19,61 % 0,82

MNOMESG CS MOM TOP 14,86 % 23,02 % 0,65

ALLCS MOM TOPR 12,73 % 21,99 % 0,58

ESG TS MOM TOP 17,38 % 15,51 % 0,89

ALLTS MOM TOR 16,65 % 21,36 % 0,78

L/S ESG/SIN 5,04 % 6,35 % 0,79

L/s CS MOM 17,47 % 21,32 % 0,82

L/5 TS MOM 17,56 % 20,08 % 0,87

MSCI WORLD 12,61 % 16,63 % 0,76

The spectrum of Sharpe ratios calculated for the portfolios ranges from 0,56 for the full non-
ESG sample portfolio to 0,92 for the ESG top portfolio, with the benchmark index having a
ratio of 0,76. All portfolios utilizing ESG-screening recorded higher Sharpe ratios than the
benchmark index, except for the full ESG sample portfolio, with 0,75. Also, comparing the
Sharpe ratios of ESG versus non-ESG portfolios indicates unanimous outperformance in
favor of the ESG-screened portfolios. All portfolios utilizing ESG-screening have a higher
ratio than their non-screened counterparts. The disparity is particularly noticeable in the
cross-sectional momentum portfolios. The long-short ESG/sin ETF portfolio also recorded
a Sharpe ratio higher than the benchmark index, emphasizing that a good risk-adjusted

performance can be reached with a portfolio that focuses on a less risky approach.

Regarding the different price momentum strategies and long-only versus long-short
portfolios, there is less fluctuation. However, there are some noticeable differences. Time
series momentum portfolios have higher Sharpe ratios than their cross-sectional momentum
utilizing counterparts, indicating outperformance over the other price momentum strategy.
All long-short portfolios have better Sharpe ratios than the benchmark index, but the two
highest ratios were found for long-only portfolios, making it difficult to retrieve a conclusion

whether long-only or long-short portfolios performed better.
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Next, the information ratios and alphas for all portfolios are analyzed and presented in Table
7. The information ratio measures the excess returns of the portfolios relative to the
benchmark index, while also incorporating the effects of risk by standard deviation via the
tracking error. The alpha values are retrieved from the Fama-French five factor model
regression. These values represent the abnormal returns generated by the portfolios,
indicating returns that cannot be attributed to the market factors considered in the model.
Regarding the alpha values and their interpretation, it must be acknowledged that only the
ESG top portfolio’s alpha’s coefficient was statistically significant at a significance level of
0,05. For other portfolios, the alphas were not statistically significant at this level. The
regression results are presented later in the results section, in Tables 9-17.

Table 7. Annualized Jensen’s alphas, tracking errors and information ratios for each

portfolio, full time period.

Portfolio Jensen's alpha Tracking error Information ratio
ALL ESG 1,28 % 2,37% 0,72
ALL NOMESG 0,70 % 3,70 % -0,24
ESG TOP 4,26%* 4,79 % 1,26
ESG C5 MOM TOP 0,64 % 8,87 % 0,56
NOMESG C5 MOM TOP 0,63 % 11,58 % 0,32
ALLCS MOM TOP -1,49 % 12,26 % 0,13
ESG TS MOM TOP 5,80 % 9,30 % 0,68
ALLTS MOM TOP 3,95 % 12,00 % 0,46
L/S ESG/SIN 2,01% 20,12 % -0,31
L/S CS MOM 2,17 % 12,81 % 0,50
L/S TS MOM 5,29 % 11,89 % 0,54

As mentioned, the insight provided by the alpha values is diminished by the lack of statistical
significance for most portfolios. However, for the ESG top portfolio, the alpha value of 4,26
% annually is statistically significant, indicating a 4,26 % abnormal positive return. The
information ratios, measuring portfolio performance and its consistency relative to the
benchmark index, produce more insight. Again, ESG portfolios outperform their non-
screened counterparts across the field, with the ESG top portfolio reaching the best value.
The full-sample ESG portfolio received the second-best information ratio, which can be
attributed to consistently beating the benchmark (low tracking error) and low standard
deviation achieved by higher diversification. Also, the time series momentum portfolios
have slightly better information ratios over the full time period than cross-sectional
momentum portfolios, aligning with the Sharpe ratios for these portfolios. The low-risk
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ESG/sin ETF long-short portfolio and the non-ESG full sample portfolio recorded negative
information ratios, indicating that investors would have earned negative excess returns with
these portfolios and gained better risk-adjusted returns by investing in a MSCI World -

tracking ETF, not accounting for costs.

Finally, before reviewing the multi-factor model regressions, the numerical results for
drawdown analysis are presented. For each portfolio, the maximum drawdown value was
reached in March 2020. The long-short ESG/sin ETF portfolio gained positive returns during
the market drawdown period. All of the portfolio values presented are the indexed portfolio
values, with initial investment of 1000 on 1.1.2018. The results of the drawdown analysis

are shown in Table 8.

Table 8. Maximum drawdown analysis for each portfolio.

i Portfolio value on Maximum drawdown Maximum drawdown

Portfolio 31.12.2019 value percentage
AlLL ESG 1177,84 916,77 -22,16 %
AlLL NONESG 1125,62 838,99 -25,46 %
ESG TOP 1249,83 974,00 -22,07 %
ESG CS MOM TOP 1224,09 1002,10 -18,13 %
NOMESG CS MOM TOP 1117,14 871,54 -21,98 %
ALL C5 MOM TOP 1192,34 947,58 -20,53 %
ESG TS MOM TOP 1129,68 931,70 -17,53 %
ALLTS MOM TOP 1075,45 846,80 -21,26%

L/5 ESG/SIN 1103,10 - -

L/5 C5 MOM 1264,56 109782 -13,19%
L/5 T5 MOM 1130,01 957,75 -15,24 %
MSCI WORLD 1178,67 931,95 -20,93 %

Out of all portfolios, the non-momentum long-only portfolios experienced the highest
drawdowns, with the non-ESG full sample portfolio losing 25,46 % of its December 2019
closing value. Five portfolios in total experienced worse drawdowns than the market index,
and only two portfolios retained their initial investment value at above 1000. In general,
ESG-screened portfolios, including ESG and momentum portfolios, experienced smaller
drawdowns than their non-ESG counterparts. The momentum portfolios with 130/30 long-
short splits have by far the lowest drawdowns, at 13,19 % for the cross-sectional and 15,24
% for the time series momentum portfolio in lost portfolio value. The 50/50 long-short
portfolio increased in value during the crisis period, gaining approximately a 9 % return from
December 2019 to March 2020. These results present a strong indicator of the long-short

strategy’s risk mitigation benefits.
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For the drawdown analysis, it must be acknowledged that the market experienced its
maximum drawdown earlier during March, with the benchmark index MSCI World hitting
its bottom value on March 23, 2020 (MSCI 2023b). Afterwards, its value rebounded, rising
to a higher value on March 31, 2020, which is the value date for the monthly closing price

used for all constructed portfolios in this research.

6.4. Multi-factor model results

This section covers the multi-factor model regression results, beginning from the full time
period results for each model, and then moving on to results from the pre-Covid January
2018 to December 2019 period, and post-Covid period from January 2020 to December
2021. For each time period, results for the Fama-French three-factor model are presented

first, followed by the Carhart four-factor model and then the Fama-French five-factor model.

Regressions utilizing all three multi-factor models were run for all portfolios and to account
for the varying degrees of heteroscedasticity and autocorrelation present in these portfolios,
Newey-West estimators were used in each of them. The monthly excess portfolio returns
were used in the calculations, with market factor data and the monthly risk-free rates
retrieved from Kenneth French’s data library, included in the Fama-French Developed 5

Factors -dataset (French 2023a) complemented with the momentum factor (French 2023b).

6.4.1. Multi-factor model results for the full time period

Multi-factor model regression results for the full time period from January 2018 to December
2021 are presented in Tables 9, 10 and 11. When comparing these tables and the values for
adjusted r-squared, the models are able to explain the portfolio returns reasonably well, with
most portfolios having a value between 0,99 and 0,80 in each model. High r-squared values
can be expected, as the portfolios are quite diversified and for most of them, returns were
noticeably correlated as shown in Table 4. For the long-short ESG/sin portfolio, the models

can explain approximately 50 % of the changes in monthly portfolio return.

Looking at the intercepts (alphas), the only portfolio for which the alpha is statistically
significant at the 5 % significance level is the ESG top portfolio, with a monthly value of
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0,36, indicating abnormal positive returns. This was a result of the Fama-French 5-factor
model regression (Table 11). Although not statistically significant, it is noticeable that the
intercepts were negative for several cross-sectional momentum portfolios in different
models, while the time series momentum portfolios received positive values. Also, the ESG-
screened portfolios have higher intercepts than their counterparts, with the exception of the
long-short cross-sectional momentum portfolio. But, as the alphas are not statistically
significant, no out- or underperformance can be evidenced for any other portfolio than the
ESG top portfolio.

The beta coefficients (MKTRF) for all portfolios in all models are statistically significant,
and the vast majority of them slightly exceeds the value of 1, indicating higher volatility than
the market, albeit not very strongly. The long-short ESG/sin portfolio’s beta is slightly
negative at roughly -0,20 in each model, which means that its returns were inversely related
to the market, with low volatility. Generally, the volatility in all models is slightly lower for
ESG portfolios, when they are compared directly to their non-screened or non-ESG

counterparts.

Looking at the other market factors, there is a strong tilt towards growth ETFs, with
statistical significance shifting from growth to low profitability in the five-factor model. This
phenomenon is especially noticeable in the momentum portfolios, with the growth tilt being
more prevalent in cross-sectional momentum portfolios. In the five-factor model, the tilt
towards assets with low profitability is prevalent in both cross-sectional and time series

momentum portfolios.
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Table 9. Fama-French three-factor model results for the full time period.

. Adjusted r- Residual e
Portfolio Intercept METRF SMB HML F-statistic
squared standard error
0,119 1,014* 0,053 -0,010
ALLLOMNG ESG 0,987 0,580 1150,00
(0,091) (0,018) (0,055) (0,028)
* * *
ALLLONG 0,047 1,043 0,255 0,071 0,985 0,655 1015,00
NONESG {0,070) {0,027) {0,175) {0,060)
* - *
ESG TOP 0.330 1,078 0.186 0,148 0,952 1,196 308,10
{0,175) {0,048) (0,122) {0,049)
- * - *
ESG CS MOM 0,008 1,073 0,316 0,560 0,386 1,935 122,20
TOP {0,175) {0,060) {0,202) {0,078)
_ * * _ *
NOMESG C5 0,078 1,203 0,820 0,674 0,891 2,213 129,60
MOM TOP (0,347) {0,070) (0,209) (0,105)
- * * - *
ALL CS MOM 0,298 1,112 0,661 0,777 0,840 2,567 83,19
TOP (0,247) {0,068) {0,225) {0,115)
£ - *
ESG TS MOM 0,346 1,029 0,389 0,319 0,813 2,460 69,23
TOP (0,418) (0,069) (0,317) (0,126)
* N *
ALLTS MOM 0,249 1,056 0,527 0,439 0,735 3,209 44,39
TOP (0,444) {0,110 {0,361) {0,148)
0,230 -0,114* -0,254 -0,287*
L/S ESG/SIN ! ! ! ! 0,486 1,329 15,80
(0,204) (0,043) (0,134) (0,079)
- * - *
L/S CS MOM 0,232 1,090 0,163 0,926 0,836 2,522 80,58
(0,247) (0,076) {0,252) (0,107)
* 4 *
L/S TS MOM 0,273 0,989 0,318 0,460 0,702 3,200 37,83
{0,560) {0,090) (0,445) (0,178)

For all regression results, Newey-West standard errors are utilized, and standard errors are presented in
parentheses. Statistical significance at p=0,05 is indicated by *. The intercept represents the alpha, MKTRF
the beta/market risk, SMB the size factor, and HML the value factor.

In the three-factor model regressions, the size factor is statistically significant in three of the
eleven portfolios, correlating positively to returns and indicating the presence of small cap
premium in these portfolios. For all other portfolios except the long-short ESG/sin portfolio

the SMB factor is also positive, but not statistically significant.

The weight of the value factor is striking, as the coefficients are statistically significant for
all but the full sample ESG ETF portfolio. Noticeably, for all momentum portfolios, the
coefficient has negative values, indicating the momentum portfolios share return patterns
similar to growth stocks. The negative value factor is especially strong for the cross-sectional
momentum portfolios (-0,56 to -0,93), and closer to zero for the non-reshuffled portfolios.

The non-ESG full sample portfolio is the only one with a positive HML coefficient.
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Table 10. Carhart four-factor model results for the full time period.

. Residual
i Adjusted r- e
Portfolio Intercept MKTRF SMB HML MOM standard F-statistic
squared
error
* p
ALL LONG ESG 0,113 1,014 0,053 0,008 0,008 0,986 0,587 842,70
(0,080) {0,022) (0,555) (0,037) (0,045)
+ * *
ALLLONG 0,046 1,048 0,255 0,085 0,022 0,985 0,661 748,60
NONESG (0,078) (0,027) (0,067) (0,040) (0,050)
* - -
ESG TOP 0,331 1,076 0,186 0,153 0,009 0,350 1,210 225,30
(0,178) {0,054) {0,124) (0,081) (0,088)
- * - *
ESG C5 MOM 0,019 1,102 0,316 0,470 0,140 0,886 1,932 92,29
TOP (0,197) (0,071) (0,190) (0,104) (0,118)
~ + * o = -
NONESG CS 0,075 1,196 0,820 0,699 0,033 0,889 2237 95,09
MOM TOP (0,228) (0,062) (0,190) (0,153) (0,121)
| * * | *
ALL CS MOM 0,311 1,147 0,665 0,672 0,163 0,840 2,570 62,45
TOP (0,275) (0,080) (0,211) (0,177) (0,148)
ESG TS MOM 0,340 1,044 0,389 -0,272 0,072
. . . ' § 0,810 2,483 51,01
TOP (0,434) (0,084) (0,313) (0,142) (0,133)
* -
ALLTS MOM 0,218 1,139 0,526 0,183 0,398 0,750 3119 36,16
TOP (0,487) (0,123) (0,323) (0,171) (0,208)
0,221 -0,090* -0,254 -0,214* 0,113
L/S ESG/SIN 0,493 1,219 12,43
(0,204) (0,041) {0,128) (0,068) (0,096)
-0,244 1,124* 0,169 -0,824* 0,159
L/s CS MOM 0,835 2,526 60,48
(0,270) (0,087) (0,238) (0,140) (0,147)
0,262 1,015* 0,318 -0,381 0,123
L/S TS MOM 0,697 3,225 28,02
(0,582) {0,100) (0,438) (0,203) {0,184)

For all regression results, Newey-West standard errors are utilized, and standard errors are presented in
parentheses. Statistical significance at p=0,05 is indicated by *. The intercept represents the alpha, MKTRF
the beta/market risk, SMB the size factor, HML the value factor and MOM the momentum factor.

The four-factor model adds the momentum factor on the previous model. On the variables
retained from the three-factor model, results are mostly similar, as there is no significance
in the alphas, and the market risk is significant for all portfolios. The size factor is again
significant for the same portfolios, but the value factor’s significance is decreased, as the
time series momentum portfolios’ coefficients are not significant at the 5 % level. Although
the addition of the momentum factor did not yield any significant momentum coefficients,
it can still be observed that the momentum portfolios received positive and relatively higher
coefficient values. The addition of the momentum factor into the regression maintained the

adjusted r-squared values at a similar level to the three-factor model.
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Table 11. Fama-French five-factor model results for the full time period.

Adjusted r- Residual
Portfolio Intercept MEKTRF SMB HML RMW CMA squared standard  F-statistic
error

ALL LONG 0,107 1,007+ 0,061 0,024 0,058 -0,053 0,966 0,589 §70,50
ESG (0,088) (0,022) (0,057) (0,096) (0,052) (0,160)

ALLLONG 0,058 1,038* 0,223* 0,112 -0,051 -0,117 0,985 0,655 610,80
NONESG (0,063) (0,025) (0,078) (0,066) (0,078) (0,116)

EETIERE 0,355* 1,063* 0,105 -0,025 -0,115 -0,334 0,954 1,159 197,80
(0,165) (0,043) (0,138) (0,170) (0,083) (0,279)

ESGCS 0,054 1,058* 0,163 -0,396 -0,284 -0,502 0,854 1,861 80,44
MOMTOP  (0,148) (0,050) (0,241) (0,258) (0,187) (0,504)

MONESG CS 0,052 1,197 0,548* -0,494 -0,607* -0,679 0,914 1,964 101,50
MOMTOP  (0,188) (0,040) (0,183) (0,253) (0,274) (0,466)

ALLCS -0,124 1,135 0,372 -0,750* -0,817* -0,413 0,866 2,346 61,90
MOMTOP  (0,207) (0,060) (0,255) (0,327) (0,229) (0,595)

ESGTS 0,483 1,072* 0,215 -0,473 -0,647* 0,077 0,824 2,350 44,93
MOMTOP  (0,409) (0,066) (0,310) (0,419) (0,280) (0,791)

ALLTS MOM 0,330 1,004* 0,455 -0,620 -0,382 0,254 0,728 3,249 26,18
TOP (0,437) (0,106) (0,386) (0,383) (0,257) (0,781)

/S ESG/SIN 0,168 -0,128* -0,164 -0,251 0,291* 0,042 0,502 1,307 10,48
(0,195) (0,038) (0,156) (0,166) (0,107) (0,245)

LS CS MOM -0,181 1,070* 0,023 -0,735 -0,237 -0,543 0,850 2491 50,18
(0,239) (0,062) (0,304) (0,373) (0,238) (0,707)

L/S TS MOM 0,441 1,050* 0,122 -0,701 -0,795* 0,216 0,715 3,130 21,52
(0,561) (0,085) (0,429) (0,544) (0,391) (1,024)

For all regression results, Newey-West standard errors are utilized, and standard errors are presented in
parentheses. Statistical significance at p=0,05 is indicated by *. The intercept represents the alpha, MKTRF
the beta/market risk, SMB the size factor, HML the value factor, RMW the profitability factor and CMA the
investment factor.

The five-factor model expands the three-factor model with the profitability and investment
factors, which replace the momentum factor of the previous model. Here, the ESG top
portfolio’s alpha is the sole statistically significant alpha among the portfolios for the full
time period. Again, the market risk/beta coefficients are significant for all portfolios, with
values mostly exceeding 1. Regarding the adjusted r-squared values, the differences to other

models are again rather small.

The size factor is only significant for the non-ESG cross-sectional momentum portfolio, for
which the coefficient value of 0,55 is also the highest of all portfolios. The HML factor,
which was considered redundant in the five-factor model by Fama and French (2015) with
the newly added factors, is significant for the non-screened cross-sectional momentum
portfolio, which also had the highest coefficient value for this factor, still indicating a strong

presence of growth-themed ETFs (or their constituents) in the portfolio.

Of the two added factors, only the profitability factor coefficients have statistical

significance. For four momentum portfolios, the RMW coefficients are negative and
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significant at the 5 % level, indicating that the portfolios include ETFs that are weighted
towards stocks with low profitability. The RMW coefficient is negative, but non-significant
for other momentum portfolios as well. For the long-short ESG/sin portfolio, the coefficient
IS positive and statistically significant, being the only portfolio for which this applies. The
investment factor is not statistically significant for any of the eleven portfolios. However, a
faint pattern can be seen, as only the time series momentum portfolios have positive CMA

coefficient values.

6.4.2. Multi-factor model results for 2018 — 2019

Next, multi-factor model regression results for the pre-covid period, from January 2018 to
December 2019 are presented in Tables 12, 13 and 14. Compared to the latter half of the
sample time period, this period has relatively less market volatility and disparity between
portfolios, which was presented earlier in the figures and active returns review in Section
6.2.

A general inspection of the regression results for this time period shows that, while the
market factors explained the portfolio returns to a similar degree as in the full time period,
there is less statistical significance on the factor loadings. Still, for every portfolio in all
models, the market risk factor is statistically significant. As the adjusted r-squared values
remain high, this indicates that the portfolio returns are relatively more explainable by just

the market returns.

Regarding the degrees of portfolio betas, it is noticeable that in this time window there are
more portfolios with MKTRF coefficients of less than 1, indicating lower volatility than the
market’s. For the time series momentum portfolios, the market risk coefficients across all
models range from 0,88 to 1,03, while all long-only portfolios that held the same constituents
through the time period recorded coefficients exceeding 1. In this time period, the long-short
ESG/sin portfolio’s market risk coefficient is again very slightly below zero, indicating low

volatility and inverse correlation to the market returns.

In this time period, one portfolio has statistically significant alpha. The alpha for the non-
ESG cross-sectional momentum top portfolio is statistically significant and negative in the

Fama-French three-factor and the Carhart four-factor models, at values that deviate
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noticeably from most other portfolios at -0,65 and -0,71. Even while the intercepts are not
statistically significant for any other portfolio, the negative intercepts of most momentum
portfolios has a stark contrast to the values of the full time period regressions, in which

especially the time series momentum portfolios recorded positive intercepts.

Table 12. Fama-French three-factor model results for 2018 — 2019.

. Adjusted r- Residual e
Portfolio Intercept MKTRF SMB HML F-statistic
squared standard error
* -
ALL LONGESG 0,131 1,032 0.047 0,005 0,988 0,443 652,00
{0,077) {0,022) {0,052) {0,030)
- *
ALLLONG 0,002 1,059 0,134 0,019 0,98 0,535 263,20
NONESG {0,121) {0,034) {0,102) {0,053)
0,226 1,069+ -0,001 -0,167*
ESG TOP ! ! ' ! 0,953 0,945 155,90
(0,192) {0,063) {0,160) {0,031)
* * - *
ESG CS MOM 0,013 0,991 0,423 0,679 0,911 1341 79,08
TOP {0,196) {0,050) {0,136) {0,106)
i * & — *
MNONESG CS 0,646 1,250 0,458 0,986 o e -
MOM TOP (0,279) {0,047) (0,288) (0,174)
- * - *
ALL CS MOM 0,244 1,080 0,490 0,902 0,857 1,962 26,85
TOP (0,159) {0,072) (0,276) (0,180)
- * - -
ESG TS MOM 0,146 0,966 0,045 0,114 0,385 1,373 59,95
TOP (0,216) {0,034) {0,135) (0,195)
- * - -
ALLTS MOM 0,309 0,946 0,015 0,114 0,660 2,614 15,87
TOP (0,447) {0,059) (0,437) (0,423)
0,263 -0,131* -0,094 -0,004
L/S ESG/SIN 0,068 1,177 1,56
(0,293) {0,037) (0,161) (0,084)
-0,112 1,004* 0,354 -1,029*
L/S €S MOM 0,846 1,971 43,07
(0,364) {0,069) (0,292) (0,210)
-0,381 0,885* -0,325 -0,283
L/S TS MOM 0,766 1,945 26,03
(0,318) {0,094) {0,249) {0,296)

For all regression results, Newey-West standard errors are utilized, and standard errors are presented in
parentheses. Statistical significance at p=0,05 is indicated by *. The intercept represents the alpha, MKTRF
the beta/market risk, SMB the size factor, and HML the value factor.

In the three-factor model for this time period, only one portfolio has a statistically significant
size factor coefficient, the ESG cross-sectional momentum top portfolio at 0,42. For this
portfolio, the size factor coefficient was smaller and not significant for the full time period,
which indicates that the portfolio’s holdings were probably more tilted towards small-cap
stocks in the most recent years before the pandemic. For the other portfolios, despite the
factors being non-significant, there is more variance in loadings than there is for the full time
period. Five portfolios, including all time series momentum portfolios, have negative SMB
coefficients.

The value factor had more statistical significance than the size factor for the full time period,
and the results for 2018-2019 are similar. Comparably to the full time period results, all
portfolios except the full non-ESG sample portfolio have a negative coefficient, but instead

of ten portfolios, there is statistical significance for only five portfolios. The value factor
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coefficient for the ESG top portfolio and all cross-sectional momentum portfolios is
statistically significant, also with relatively strong loadings. Overall, the HML coefficients

for this time period are more negative than their corresponding values for the full time period.

Table 13. Carhart four-factor model results for 2018 — 2019.

Residual
3 Adjusted r- .
Portfolio Intercept MKTRF SMB HML MOM standard F-statistic
squared
error
* - -
ALL LONG ESG 0,059 1,003 0,041 0,059 0,101 0,990 0,410 571,00
(0,052) (0,022) (0,044) (0,066) (0,057)
- * - _ *
ALLLONG 0,041 1,023 0,127 0,095 0,124 0,986 0,499 407,30
NONESG (0,080) (0,029) (0,096) (0,054) (0,049)
+ _ = * -
£56 TOP 0,162 1,009 0,012 0,355 0,204 o= e e
(0,185) (0,041) {0,151) (0,136) (0,138)
= * - *
ESG CS MOM 0,071 1,046 0,434 0,505 0,189 0,912 1,327 60,91
TOP {0,212) (0,062) (0,151) (0,189) (0,153)
N & & - * -
NOMESG C5 0,712 1,188 0,445 1,183 0,213 o e e
MOM TOP {0,304) {0,072) (0,289) {0,290) {0,192)
ALL C5 MOM -0,255 1,073* 0,488 -0,935* -0,036
. " t 'y r 0,249 2,012 33,43
TOP {0,140) {0,100) {0,290) (0,375) {0,255)
- * - - -
ESG TS MOM 0,150 0,962 0,046 0,126 0,013 0,879 1,409 42,73
TOP (0,196) (0,045) (0,137) (0,295) (0,168)
- *
ALLTS MOM 0,214 1,034 0,003 0,168 0,306 0,659 2,616 12,12
TOP (0,442) (0,100) (0,414) (0,476) (0,268)
, * 5 5 5
L/S ESG/SIN 0,226 0,165 0,110 0,113 0,118 0,054 1,186 1,33
(0,336) (0,039) (0,171) (0,155) (0,107)
_ * ~ *
/s CS MOM 0,046 1,067 0,407 0,830 0,215 0,845 1,975 32,25
{0,360) (0,088) (0,304) (0,288) (0,253)
-0,330 0,933 -0,315 -0,131 0,165
L/5 TS MOM ' ' ! ' ' 0,759 1,970 19,15
{0,278) {0,057) {0,232) {0,411) {0,239)

For all regression results, Newey-West standard errors are utilized, and standard errors are presented in
parentheses. Statistical significance at p=0,05 is indicated by *. The intercept represents the alpha, MKTRF
the beta/market risk, SMB the size factor, HML the value factor and MOM the momentum factor.

Again, the four-factor model complements the three-factor model with the addition of the
momentum factor. For this time period, the momentum factor coefficient is statistically
significant for one portfolio, at -0,12 for the non-ESG full sample portfolio. Despite not
statistically significant, the momentum factor coefficients being negative for several

momentum portfolios is an interesting difference to the full time period regression results.

Comparing the results of these regressions to the three-factor model, the differences in the
three initial factors are small. There is slight fluctuation in the coefficient values, but the
same factors are statistically significant at similar loadings for the same portfolios. With the
momentum factor added into the regressions, for most portfolios the adjusted r-squared value

is slightly higher in this time period than for the full time period.
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Table 14. Fama-French five-factor model results for 2018 — 2019.

Adjusted r- Residual
Paortfaolio Intercept MKTRF SMB HML RMW CMA squared standard  F-statistic
error
ALL LONG 0,082 1,032+ 0,046 0,078 0,219 -0,083 0,983 0,403 290,50
ESG (0,085) (0,017) (0,050) (0,055) (0,137) (0,093}
ALLLONG 0,005 1,050* 0,119 0,080 -0,010 -0,126 0,982 0,563 255,00
NONESG (0,128) (0,030) (0,112) (0,079) (0,226) (0,112)
R 0,173 1,001* 0,036 -0,260 0,176 0,252 0,949 0,981 26,87
(0,174) (0,088) (0,190) (0,186) (0,369) (0,353)
ESG CS 0,144 0,941* 0,342 -0,496 -0,454 -0,337 0,908 1,360 46,38
MOM TOP (0,261) (0,053) {0,181) (0,255) (0,352) (0,494)
MNONESG CS -0,491 1,212 0,396 -0,937* -0,591 -0,321 0,913 1,686 48,51
MOMTOP  (0,279) (0,065) (0,320) (0,187) (0,526) (0,455)
ALLCS -0,042 1,069* 0,466 -1,111* -0,366 0,083 0,851 2,003 27,22
MOM TOP (0,296) (0,090) (0,289) (0,286) (0,614) (0,647)
ESGTS -0,033 0,963* -0,049 -0,276 -0,501 0,133 0,878 1412 34,19
MOM TOP (0,328) {0,022) (0,137) (0,300) (0,532) (0,336)
ALLTSMOM  -0,156 1,002* 0,076 -0,799 -0,835 1,043 0,662 2,607 10,00
TOP (0,536) {0,101) (0,404) (0,579) (0,827) (0,708)
/S ESG/SIN 0,077 -0,072* 0,000 -0,164 0,676 0,574 0,118 1,145 162
(0,265) (0,029) (0,163) (0,227) (0,287) (0,392)
/S €S MOM -0,060 0,951* 0,310 -0,701 -0,092 -0,687 0,836 2 033 20,43
(0,464) (0,068) (0,381) (0,384) (0,581) (0,764)
L/S TS MOM -0,300 0,931* -0,250 -0,774 -0,487 0,795 0,763 1,954 15,84
(0,394) (0,070) (0,271) (0,493) (0,498) (0,599)

For all regression results, Newey-West standard errors are utilized, and standard errors are presented in
parentheses. Statistical significance at p=0,05 is indicated by *. The intercept represents the alpha, MKTRF
the beta/market risk, SMB the size factor, HML the value factor, RMW the profitability factor and CMA the
investment factor.

For the pre-Covid time period, the five-factor model adds little explanatory value to the
preceding models, as the profitability and investment factors are not statistically significant
for any portfolio. While the coefficients are not significant, they are mostly similar to the

full time period for the momentum portfolios.

The intercepts remain non-significant, while every portfolio retains their market risk factor
significance, which is the main and only explanatory factor for nine of the eleven portfolios
returns in this time period. The value factor is statistically significant for the non-screened
and non-ESG cross-sectional momentum top portfolios, both having by far the strongest
factor loadings of all portfolios. The non-screened portfolio was strongly tilted towards
growth assets in the full time period as well, but in 2018-2019 its non-ESG counterpart
shared the same pattern. Regarding the value factor, it is interesting to see that it still
maintains significance after adding the profitability and investment factors, despite Fama

and French (2015) declaring it redundant in the five-factor model.
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6.4.3. Multi-factor model results for 2020 — 2021

Concluding the multi-factor model results, the results for the Covid-19 period regressions,
with data from January 2020 to December 2021, are presented in Tables 15, 16 and 17. This
time period incorporates the market crash of early 2020 and the subsequent bull market,
during which much higher variance occurred in the constructed portfolios’ cumulative

returns.

In this time period, not a single portfolio alpha is statistically significant. Nearly all of the
portfolios’ market risk coefficients are still significant, with the exception of the long-short
ESG/sin portfolio. Most portfolio returns were more volatile. The only portfolio that had a
beta of less than 1 in this time period was the full-sample ESG portfolio, which had a beta
coefficient of 0,99 in the Fama-French five factor model, just barely exceeding 1 in the other
models. The adjusted r-squared values of the regressions are high across the field, with the
lowest of the field being 0,66. Compared to the former time period, in 2020-2021 the
portfolio returns could be attributed to a wider variety of statistically significant market

factors.

Table 15. Fama-French three-factor model results for 2020 — 2021.

. Adjusted r- Residual e
Portfalio Intercept MKTRF SMB HML F-statistic
squared standard error
0,118 1,003* 0,068 -0,010
ALL LONG ESG ! ! ' ! 0,984 0,731 477,10
{0,132) {0,025) {0,084) (0,032)
* & *
ALL LONG 0,025 1,028 0,308 0,076 0,985 0,772 298,40
NONESG {0,082) {0,036) {0,084) {0,027)
* - *
ESG TOP 0.337 1,074 0.259 0,159 0,946 1,477 135,90
(0,298) {0,072) {0,177) (0,062)
- * - *
ESG CS MOM 0,094 1,122 0,195 0,526 0,867 2,475 50,82
TOP {0,309) {0,085) {0,303) {0,090)
* & - *
MONESG CS 0,203 1,147 0,912 0,602 S o o
MOM TOP {0,348) {0,076) {0,272) (0,144)
- * - *
ALL CS MOM 0,524 1,124 0,710 0,763 0,817 3,222 35,20
TOP (0,378) {0,100) {0,349) (0,137)
* - *
ESG TS MOM 0,735 1,039 0,570 0,415 i i .
TOP {0,591) (0,109) (0,406) (0,170)
* - *
ALLTS MOM 0,696 1,088 0,755 0,584 0,765 3,627 25,95
TOP (0,436) {0,151) (0,466) {0,115)
0,417 -0,096 -0,277 -0,354*
L/S ESG/SIN 0,662 1,359 16,03
(0,303) (0,068) {0,181) {0,099)
-0,360 1,148* -0,001 -0,888*
L/S CS MOM 0,818 3,110 35,43
(0,399) (0,109) {0,370) {0,129)
0,692 1,011* 0,559 -0,570%
L/S TS MOM 0,677 4,078 17,07
{0,795) {0,148) {0,566) (0,237)

For all regression results, Newey-West standard errors are utilized, and standard errors are presented in
parentheses. Statistical significance at p=0,05 is indicated by *. The intercept represents the alpha, MKTRF
the beta/market risk, SMB the size factor, and HML the value factor.
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Compared to the preceding two-year period, the momentum portfolio returns are
significantly more volatile, with only the non-ESG cross-sectional momentum top portfolio
being the exception. The long-only portfolios which were not reshuffled have very similar
MKTREF coefficients as they did in 2018-2019.

Two non-ESG portfolios, the full sample and cross-sectional momentum top portfolios
exhibit statistically significant size premium, with the latter having an especially high factor
loading at 0,91. This is a strong explanatory factor for the portfolio’s relatively high returns
in 2020-2021, indicating the portfolio holdings tilting towards ETFs with small-cap stocks.

For the other nine portfolios, the SMB factor is non-significant.

While the value factor was less significant in explaining the portfolio returns in the pre-
Covid period, its influence is especially strong during the pandemic. The factor is statistically
significant for ten portfolios, only the full ESG sample portfolio with returns explainable by
the market returns is left out. All momentum portfolios exhibit a balancing towards growth
ETFs, and the phenomenon is particularly strong for the portfolios utilizing the cross-
sectional strategy. Despite maintaining the strong factor loadings, for these cross-sectional
momentum portfolios the tilt towards growth ETFs is not strong as it was pre-Covid. Another
interesting observation is that the full sample non-ESG portfolio’s HML factor is positive,
as was the SMB factor. This means that the returns for this highly diversified, conventional
portfolio are explainable to a high degree with the market factors, aligning with the original

model assumptions.
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Table 16. Carhart four-factor model results for 2020 — 2021.

. Adjusted r- Residual o
Portfolio Intercept MKTRF SMB HML MOM F-statistic
squared standard
0,101 1,015* 0,074 0,027 0,064
ALL LONG ESG ' ! i ' ! 0,984 0,730 359,10
(0,145) {0,032) {0,774) (0,043) {0,048)
- * * * *
ALLLONG 0,001 1,046 0,312 0,134 0,100 0,986 0,745 402,10
NONESG (0,110) {0,031) (0,067) (0,047) {0,454)
* -
ESG TOP 0,313 1,090 0,268 0,107 0,091 0,945 1,495 99,53
(0,324) {0,078) {0,160) (0,097) {0,094)
- * _ &
ESG C5 MOM 0,114 1,136 0,203 0,482 0,078 0,861 2,531 36,49
TOP (0,328) {0,103) {0,290) (0,121) (0,144)
* * N £3
MNOMESG C5 0,203 1,147 0,012 0,602 0,000 0,867 2,765 38,52
MOM TOP (0,360) {0,096) {0,276) (0,212) {0,185)
- + * - *
ALLCS MOM 0,593 1,172 0,738 0,612 0,265 0,816 3,227 26,54
ToP (0,427) (0,104) (0,314) (0,207) (0,206)
* 5
ESG TS MOM 0,699 1,064 0,584 0,336 0,138 0,780 3,231 21,37
ToP (0,659) {0,123) (0,379) (0,200) {0,199)
* + N
ALLTS MOM 0,564 1,180 0,808 0,293 0,509 0,786 3,460 22,17
ToP (0,556) (0,145) (0,352) (0,199) (0,250)
i _ y * *
L/S ESG/SIN 0,345 0,045 0,248 0,194 0,280 0,748 1,173 18,08
(0,272) {0,041) {0,155) (0,088) {0,059)
— * - *
/S CS MOM 0,385 1,166 0,008 0,834 0,095 0,810 3,180 25,44
(0,432) {0,127) {0,357) (0,158) {0,172)
* -
e 0,663 1,032 0,571 0,504 0,115 e f T
(0,865) {0,162) {0,549) {0,270) {0,258)

For all regression results, Newey-West standard errors are utilized, and standard errors are presented in
parentheses. Statistical significance at p=0,05 is indicated by *. The intercept represents the alpha, MKTRF
the beta/market risk, SMB the size factor, HML the value factor and MOM the momentum factor.

With the momentum factor being added, every portfolio records a positive MOM coefficient
in 2020-2021, shifting from mostly negative values in 2018-2019, but it is only statistically
significant at the 5 % level for two portfolios. Surprisingly, neither of these portfolios
utilized momentum strategies, instead they are the full sample non-ESG portfolio and the
long-short ESG/sin portfolio. The non-ESG portfolio’s ETFs evidently aligned better with
the momentum factor after the onset of the pandemic, as the momentum coefficient was

statistically significant and negative in 2018-2019.

In the four-factor model, both non-screened momentum portfolios are shown to exhibit a
size premium, which was not significantly present for these portfolios in the three-factor
model. The factor loading is strong for both portfolios, at 0,74 for the cross-sectional and
0,81 for the time series portfolio. The non-ESG cross-sectional momentum portfolio again
has the highest coefficient for this factor, unchanged from the three-factor model regression
at0,91.

The value factor coefficients again indicate strong weighting towards growth assets, but the

coefficient is statistically significant for less portfolios, counting up to six in this model. The
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full non-ESG sample portfolio is the exception among the portfolios with a positive HML
factor, and again having statistical significance in all market factors, it aligns also with the

Carhart four-factor model’s assumptions.

Table 17. Fama-French five-factor model results for 2020 — 2021.

Residual
. Adjusted r- o
Paortfaolio Intercept MKTRF SMB HML RMW CMA standard  F-statistic
squared
error
ALL LONG 0,101 0,994 0,091 0,018 0,066 -0,040
' . ' ' ' ' 0,983 0,763 262,80
ESG (0,148) (0,033) (0,089) (0,120) (0,057) {0,205)
* * - -
ALLLONG 0,029 1,024 0,284 0,120 0,017 0,111 0,984 0,797 280,90
NONESG (0,077) (0,034) (0,111) (0,073) (0,089) (0,148)
* - -
R 0,360 1,059 0,151 0,015 0,090 0,460 0,952 1,392 92,71
(0,278) (0,073) (0,233) (0,205) (0,089) (0,344)
* - - - * -
ESG CS 0,018 1,148 0,071 0,417 0,443 0,449 0,878 2,360 34,22
MOM TOP (0,235) (0,058) (0,339) (0,338) (0,197) (0,678)
* * - - -
MNONESG CS 0,356 1,179 0,536 0,417 0,605 0,700 0,904 2,346 44,49
MOMTOP  (0,196) (0,068) (0,249) (0,349) (0,327) (0,594)
- * - - * -
ALLCS 0,304 1,198 0,242 0,712 0,880 0,491 0,854 2,877 27,90
MOM TOP (0,291) (0,086) (0,349) (0,403) (0,254) (0,762)
* 5 5
ESG TS 0,921 1,126 0,235 0,550 0,748 0,016 0,798 3,098 19,13
MOM TOP (0,555) {0,082) (0,409) (0,530) (0,274) (1,010)
* - -
ALLTS MOM 0,772 1,119 0,606 0,603 0,305 0,080 0,745 3,782 14,42
TOP (0,437) (0,161) (0,603) (0,489) (0,334) (0,961)
0,349 -0,134 -0,171 -0,258 0,274 -0,120
L/S ESG/SIN ! ! ! ! ' ! 0,660 1,363 9,93
(0,289) (0,067) (0,258) (0,207) (0,175) (0,238}
-0,241 1,179* -0,278 -0,792 -0,474 -0,432
L/s Cs MOM ' ' ’ ’ ' ' 0,822 3,077 22,20
(0,343) (0,072) (0,418) (0,486) (0,244) (0,937)
0,915 1,117% 0,163 -0,743 -0,893* 0,047
L/S TS MOM ’ ' ! ’ ) ' 0,684 4,034 10,95
(0,782) (0,112) (0,5686) (0,693) (0,407) (1,305)

For all regression results, Newey-West standard errors are utilized, and standard errors are presented in
parentheses. Statistical significance at p=0,05 is indicated by *. The intercept represents the alpha, MKTRF
the beta/market risk, SMB the size factor, HML the value factor, RMW the profitability factor and CMA the
investment factor.

Compared to the five-factor model results in 2018-2019, which had no statistical significance
in the profitability and investment factors, there are three more portfolios for which the
profitability factor is able to explain returns. The RMW coefficient is particularly strong for
the long-short time series momentum portfolio and the non-screened cross-sectional
momentum top portfolio, at -0,88 and -0,89, indicating a striking tilt towards assets with low
profitability in the post-Covid period. The factor is also significant for the ESG cross-

sectional momentum top portfolio, with weaker loading.

The size factor is significant for the non-ESG full sample and cross-sectional momentum top
portfolios, indicating tilt towards small-cap ETFs or stocks. For other portfolios, no
statistical significance is found in the SMB factor. The value and investment factors are not

statistically significant for any portfolios in this period. However, it is visible that most
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portfolios retain a similar value coefficient in comparison to 2018-2019. Loadings in the
investment factor exhibit more variance, and the coefficients turned negative for several
portfolios from 2018-2019 to 2020-2021. The five-factor model was able to explain most
portfolio returns slightly better than other models in this period, as indicated by the adjusted

r-squared values.
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7. Conclusions

The objective of this thesis was to evaluate the performance of ESG-based ETF investment
strategies on the United States markets before and during the Covid-19 pandemic. The data
time period from January 2018 to December 2021 covered a relatively stable market period
until the end of 2019, followed by a financial crisis in early 2020, and then a rapid market
rebound which lasted until late 2021. Eleven ETF portfolios with different investment
strategies were constructed, utilizing ESG incorporation, cross-sectional and time series
price momentum strategies, and long-short strategies. Portfolio market performance was
analyzed with absolute and relative portfolio returns, risk-adjusted metrics and multi-factor
regression models. The factor exposures for each portfolio were also examined by utilizing

multi-factor regression models.

This thesis is finished at a time where an increasing number of studies on the Covid-19
pandemic’s effects on the financial markets and different strategies are being released, but
by combining ESG incorporation and price momentum strategies, it provides a fresh, distinct
perspective into the timely subject and contributes to existing literature. The results and key
findings of this thesis are quite consistent with prior research, mostly aligning with recent
studies on ESG-based ETF performance and the potential risk mitigation benefit of ESG,
also noticeably in combination with price momentum strategies. However, there are also
some dissimilarities to earlier research, such as the price momentum and long-short
strategies’ inability to generate significant alpha, even though their performance was good
according to risk-adjusted performance metrics. Results and findings are discussed below,
with answers presented to each research question.

Have ESG-based ETFs outperformed non-ESG ETFs before and during the Covid-19
pandemic in the United States?

The main research question is related to the overall performance of ESG-based ETFs. In
summary, ESG-based ETFs outperformed the market and non-screened counterparts
employing the same strategic approaches in terms of both absolute return and risk-adjusted
return metrics. However, only the top ESG portfolio managed to generate statistically
significant abnormal returns over the full data time period. This indicates that a best-in-class

portfolio, holding specifically the top rated ESG ETFs, could outperform the market. For all
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other portfolios, the multi-factor models could explain the portfolio returns, and because of
this, conclusive evidence for ESG-based outperformance remains thin. These results align
with most recent research on ESG-based ETFs (Lobato et al. 2021; Pavlova and de Boyrie
2022; Dumitrescu et al. 2023). Particularly, the positive screening approach producing
abnormal returns in recent years is similar to Dumitrescu’s et al. (2023) findings on ESG
ETFs. Evidence of screening out low-ESG assets hindering portfolio returns (Renneboog et
al. 2008; Hong and Kacperczyk 2009; Bannier et al. 2019), even on a strong momentum

rally (Kaiser and Welters 2019), was not replicated in the results of this study.

Before the pandemic, the differences in market performance were smaller between
portfolios. None of the ESG-based portfolios were able to generate statistically significant
alpha, and absolute returns were very similar to the benchmark’s, with some strategies failing
to outperform the benchmark index. The full sample ESG portfolio’s returns were nearly
identical with the benchmark, with the ESG top portfolio generating slightly better returns.
After the onset of the pandemic, the dispersion of returns between different portfolios was
greater, with the price momentum portfolios generating higher returns in the market rebound
phase. This was however accompanied by higher volatility, leading to relatively similar
values in the risk-adjusted metrics. The surge in price momentum portfolio returns can be
credited to a degree to the exposure towards the growth factor, as evidenced by the multi-
factor regression results. A summary of annualized key performance metrics and portfolio

alphas is presented in Table 18.

Table 18. Summary of key performance metrics, full time period.

Portfolio Portfolio Sharpe ratio Inform_a'tion 3-factor alpha 4-factoralpha 5-factoralpha
return ratio
ALLESG 14,09 % 0,75 0,72 1,43 1,43 1,28
ALL NONESG 11,51 % 0,56 -0,24 0,56 0,535 0,70
ESG TOP 18,43 % 0,92 1,26 3,96 3,97 4,26*
ESG C5S MOM TOP 17,33 % 0,82 0,56 -0,10 -0,23 0,65
NONESG C5 MOM TOP 16,13 % 0,65 0,32 -0,94 -0,90 0,62
ALLCS MOM TOP 13,98 % 0,58 0,13 -3,58 -3,73 -1,49
ESG TS MOM TOP 18,68 % 0,89 0,68 4,15 4,08 5,80
ALLTS MOM TOP 17,94 % 0,78 0,46 2,99 2,62 3,96
L/S ESG/SIN 6,18 % 0,79 -0,31 2,76 2,65 2,02
L/s CS MOM 18,76 % 0,82 0,50 -2,78 -2,93 -2,17
L/S TS MOM 18,85 % 0,87 0,34 3,28 3,14 5,29
MSCI WORLD 13,85 % 0,76
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Can ESG-based ETF investment strategies provide benefit for an investor during a

financial crisis?

To address the first secondary question, the results of the drawdown analysis are examined.
Five portfolios experienced a less severe drawdown than the MSCI World index’s -20,93 %,
while five portfolios encountered a larger drawdown. The long-short ESG/sin portfolio’s
value increased during the market crisis. Four of the most drawdown-resistant portfolios
were ESG-screened, while the fifth-best portfolio was an unscreened portfolio. Overall, all
ESG-screened portfolios fared better than their non-ESG and unscreened counterparts, but

some of them still suffered a worse drawdown than the MSCI World index.

In recent years, several researchers have investigated the potential risk mitigation benefits
of ESG-based investment strategies, for example Nofsinger and Varma (2014), Bannier et
al. (2019), Kaiser and Welters (2019) and Giese et al. (2019) among others. Giese et al.
(2019) found that systematic risk in high-ESG stocks that were a part of the MSCI World
index was lower than the index average. In this study, with the sample similar to the
aforementioned index, the full sample ESG portfolio of 85 ETFs suffered a drawdown of -
22,16 %, being worse than the index, but significantly better than its non-ESG counterpart.
The ESG top portfolio encountered a very similar drawdown at -22,07 %. In the price
momentum portfolios, the incorporation of ESG screening improved drawdown values in
line with Kaiser and Welters’ (2019) findings, with both cross-sectional and time series
momentum portfolios suffering smaller drawdowns than the benchmark index and also their
counterpart portfolios. Overall, the ESG-screened portfolios suffering lower drawdowns
than their lower ESG counterparts is an indicator of the ESG factor’s potential risk mitigation
benefits.

The risk hedge provided by the long-short approach in the portfolios was clear, with
especially the 50/50 long-short portfolio aligning with Huang and Wang’s (2013) findings
on market-neutral and long-short portfolios, stating that a low-beta portfolio would provide
safety during a market crash. Although Huang and Wang (2013) and Leivo and Pé&téri (2011)
did not credit the 130/30 long-short portfolios for their potential in risk mitigation, rather
giving credit for improving the risk-adjusted return, the 130/30 long-short portfolios were
among the most drawdown-resistant portfolios in this study. The combination of buying
high-ESG momentum winners and selling low-ESG momentum losers cushioned a

significant fraction of potential value loss. Surpassing expectations, the 130/30 long-short
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momentum portfolios experienced drawdowns of -13,19 % (L/S CS MOM) and -15,24 %
(L/S TS MOM), beating long-only portfolios and the benchmark with a clear margin. The
findings of Kaiser and Welters (2019) on the risk-mitigating effect of ESG incorporation in

momentum portfolios could also be applied to these long-short momentum portfolios.

Are there differences in the market performance of these investment strategies for ESG-
based and non-ESG ETFs?

The performance of each ETF portfolio and the market benchmark index was evaluated by
their returns and by using risk-adjusted performance metrics. Multi-factor regression models
were used to determine the portfolio alphas, and correlations on monthly returns were
calculated. The ESG-screened ETF portfolios consistently produced higher absolute returns
than their non-ESG counterparts. Market performance evaluation with risk-adjusted metrics
is one-sided in favor of ESG-screened portfolios as well, although only one portfolio
generated significant alpha. Findings on the multi-factor model results and alphas are similar
to Lobato et al. (2021) who found no difference in ESG/non-ESG ETF performance with
multi-factor models. The full sample portfolios and surprisingly also the less diversified ESG
top portfolio were highly correlated with each other and the benchmark, while the
momentum portfolios, especially the long-short portfolios, had less correlation. The 50/50

long-short portfolio was negatively correlated with all other portfolios and the benchmark.

For the full sample portfolios, the difference in favor of the ESG-screened portfolio is found
with all risk-adjusted metrics except the alpha, which only the ESG top portfolio was able
to generate. This result aligns with recent findings of Pavlova and De Boyrie (2022) and
especially Dumitrescu et al. (2023) who found similar evidence from 2019 and 2020 utilizing
multi-factor models. Regarding the alpha generated by the ESG top portfolio, results are
similar to Kempf and Osthoff (2007) and Nofsinger and VVarma (2014), who found evidence
that utilizing a positive screening approach could generate alpha with stocks and mutual
funds. Screening out assets with lower ESG did not hinder portfolio performance.

Regarding the performance of the long-only momentum portfolios, the inclusion of the ESG
factor resulted in better risk-adjusted portfolio performance. ESG-screened portfolios beat
their counterparts, and time series momentum portfolios performed slightly better than cross-
sectional momentum counterparts. These results were consistent across all metrics, again

with the exception of alpha, which was insignificant for momentum portfolios. Both ESG-
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screened and non-screened time series momentum portfolios produced higher average
returns than any other portfolio after the onset of the crisis. One portfolio, the non-ESG
cross-sectional momentum top portfolio, recorded significantly negative alpha in the pre-

Covid period.

For the long-short portfolios, improvements could potentially be gained by using ESG as a
dividing factor for the long and short position selection, depending on the preferred level of
risk. Although the 50/50 long-short portfolio did not produce high returns (annualized return
6,18 %), the portfolio’s almost market neutral stance provided a decent Sharpe ratio at 0,79.
The riskier 130/30 long-short price momentum portfolios were the highest earning
portfolios, but their volatility was significantly higher than the benchmark’s and also the full
sample portfolios. Due to the volatility of the returns, these portfolios’ scores for the risk-
adjusted performance metrics are not the highest of the ESG-screened portfolios. Comparing
the benefit of the 130/30 split to the long-only portfolios, the performance is improved, but
less than in Leivo and Pétéri’s (2011) study, in which the researchers utilized the value factor

instead of ESG in similarly constructed portfolios.

How have different market factors, in addition to ESG, affected the market performance in

these strategies?

This question is answered by reviewing the factor loadings and significances in the multi-
factor model regressions. Fama-French three- and five-factor models and the Carhart four-
factor model were utilized, and regressions for three separate time periods were ran for each
portfolio: full time period, 2018-2019 and 2020-2021. The factor that had the most
significant impact on ETF market performance besides market risk was the value factor, with
also the size factor and the profitability factor of the five-factor model carrying significance.
Generally, the full-sample portfolios, being more diversified with less nuanced strategies,

were more aligned with the assumptions of the multi-factor models.

Across the full time period, nearly all portfolios were tilted towards growth ETFs with
significance being prominent in the price momentum portfolios, especially cross-sectional
momentum. The tilt towards growth assets is interesting, since in Leivo and Patéri’s (2011)
study taking on long positions in value winners and short positions in growth losers provided
the best risk-adjusted returns, albeit on a different market and time. However, the tilt towards

growth factors in momentum portfolios aligns with Tolonen’s (2022) findings on the
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German market. The tilt towards small-cap stocks was also noticeable, although the factor
was only significant for non-ESG portfolios, particularly cross-sectional momentum
portfolios. The results of the five-factor model regressions revealed that the momentum
portfolios were also significantly aligned towards assets with lower profitability, which is
not very surprising, as value and profitability can often be regarded as complementary
factors. Loadings of the momentum factor indicate that the momentum premium was
captured by most momentum portfolios, but the factors were not statistically significant. The
differences on factor loadings before and after the onset of the pandemic were surprisingly
small, with most factors retaining similar loadings on the latter period, regardless of portfolio

strategy.

7.1. Research criticality, limitations and suggestions for further research

There are several limitations that must be acknowledged regarding the fundamentals of this
study, and also ESG and its implementation. The selected sample does not include all U.S.-
traded ETFs that could be classified as sustainable during the data time period. Also, the
focus of this study is set on a relatively short and specific period of time around the Covid-
19 pandemic. Concerning the implementation of ESG, the variety of possibilities that ESG
incorporation offers into investment strategies is vast, and this study is limited to a select
number of strategic approaches, with varying complexity in them. The strategies and
portfolios researched in this study cannot be generalized to comprehensively represent ESG

investing in the U.S.

Additionally, the ESG rating of an asset is an evolving value which can change over time,
and the MSR ratings for each ETF in this study were retrieved once, in April 2022, after the
data time period. The actual sustainability of an asset is an intricate subject, and as for any
ESG rating, these ratings could be biased. Following Dumitrescu et al. (2022) description of
fund greenwashing, which also utilized the MSR, 13 of the 36 ETFs with official ESG labels
selected for this study’s ESG sample could be labelled as greenwashers, for having an
official ESG objective, but an MSR score of 3 or less at the time of data collection.
Dumitrescu et al. (2022) also found roughly a third of the U.S. based mutual funds in their

study to be potential greenwashers.
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An important limitation, which concerns all results, is that the calculations were made
without incorporating any costs associated with short selling and other transaction costs. The
costs associated with short selling U.S. ETFs increased during the early stages of the
pandemic (Joyner 2020), which is also not reflected in the calculations. These costs would
have affected especially the long-short and momentum portfolios, with smaller effects on
the long-only, buy-and-hold portfolios. Additionally, as monthly returns data was used in
the study instead of weekly or daily data, the drawdown analysis does not incorporate the
absolute bottom value that the portfolios hit during March 2020. For example, the benchmark
index MSCI World hit its lowest value on March 23, 2020 (MSCI 2023b), after which it
started recovering.

The array of ESG-based investment strategies combined with the ever-growing variety of
ETFs presents many possibilities for future research. The availability and accuracy of ESG
ratings is improving, as rating providers compete and new regulations on ESG are being
applied by regulatory bodies. With awareness and information on greenwashing growing, its
effects on long-term investment performance or short-term consequences could be suggested
for research. Also, with available data improving, including time series data on ESG ratings,
momentum and long-short strategies based on ESG data could offer potential research topics.
Additionally, as pointed out in the study, research on combining ESG into price momentum
strategies has not been studied much yet, but existing evidence on investment potential is
promising. Regarding market factors, the performance of the price momentum portfolios
was strongly driven by tilt towards growth stocks, especially after the onset of the pandemic.
Further research on similarly constructed strategies would be interesting to see, and whether
their performance and factor tilts would have been affected by the market downturn that
followed in 2022. Currently, the global financial market is in an extremely interesting state,
and opportunities for insightful research emerge every passing day.
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Appendices

Appendix 1. List of ESG-based ETFs

Name

Vanguard Information Technology ETF
Technology Select Sector SPDR Fund

Health Care Select Sector SPDR Fund

iShares ESG Aware MSCI USA ETF

First Trust Rising Dividend Achievers ETF
First Trust Capital Strength ETF

VanEck Semiconductor ETF

iShares ESG Aware MSCI EAFE ETF
Materials Select Sector SPDR Fund

iShares MSCI Eurozone ETF

Fidelity MSCI Information Technology Index ETF
iShares ESG Aware MSCI EM ETF

iShares Global Clean Energy ETF

iShares Expanded Tech-Software Sector ETF
Vanguard Materials ETF

iShares MSCI KLD 400 Social ETF

iShares Exponential Technologies ETF

iShares Global Infrastructure ETF

iShares MSCI USA ESG Select ETF

iShares U.S. Healthcare ETF

FlexShares STOXX Global Broad Infrastructure Index Fund
Invesco S&P 500® Equal Weight Technology ETF
iShares MSCI Pacific ex Japan ETF

SPDR EURO STOXX 50 ETF

SPDR S&P Homebuilders ETF

Nuveen ESG Large-Cap Value ETF

First Trust Health Care AlphaDEX Fund
SPDR S&P 500 Fossil Fuel Reserves Free ETF
iShares U.S. Healthcare Providers ETF
Fidelity High Dividend ETF

iShares MSCI ACWI Low Carbon Target ETF
Nuveen ESG Small-Cap ETF

iShares MSCI Europe Financials ETF

VanEck Agribusiness ETF

Nuveen ESG Large-Cap Growth ETF

AUM (USD M)
43945
42664
35243
23000
9211
8415
8130
7000
7000
6100
5971
5800
5000
4571
3847
3725
3478
3285
3000
2840
2539
2352
2188
1842
1516
1400
1394
1308
1259
1153
1105
1100
1000
1000
800

ER
0,10 %
0,10 %
0,10 %
0,15 %
0,50 %
0,56 %
0,36 %
0,20 %
0,10 %
0,50 %
0,08 %
0,25 %
0,42 %
0,43 %
0,10 %
0,25 %
0,46 %
0,43 %
0,25 %
0,43 %
0,47 %
0,40 %
0,47 %
0,29 %
0,35 %
0,35 %
0,61 %
0,20 %
0,42 %
0,29 %
0,20 %
0,30 %
0,48 %
0,56 %
0,25 %
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ALPS O'Shares U.S. Quality Dividend ETF
iShares MSCI France ETF

First Trust Nasdaq Clean Edge Smart GRID Infrastructure Index

Global X Conscious Companies ETF

Invesco Large Cap Growth ETF

Invesco S&P 500® Equal Weight Financials ETF
First Trust Europe AlphaDEX Fund

iShares MSCI Global Sustainable Development Goals ETF
Fidelity Low Volatility Factor ETF

SPDR S&P Retail ETF

Invesco MSCI Sustainable Future ETF

Nuveen ESG Mid-Cap Growth ETF

First Trust Global Wind Energy ETF

iShares Global Timber & Forestry ETF

Nuveen ESG Mid-Cap Value ETF

First Trust STOXX European Select Dividend Index Fund
iShares MSCI Netherlands ETF

SPDR MSCI EAFE Fossil Fuel Free ETF

VanEck Low Carbon Energy ETF

ClearBridge Large Cap Growth ESG ETF

Alpha Architect U.S. Quantitative Value ETF

Etho Climate Leadership U.S. ETF

FlexShares STOXX US ESG Select Index Fund
Nuveen ESG International Developed Markets Equity ETF
ClearBridge All Cap Growth ESG ETF

FlexShares STOXX Global ESG Select Index Fund
Xtrackers Russell US Multifactor ETF

iShares MSCI Denmark ETF

FlexShares US Quality Large Cap Index Fund
Global X Renewable Energy Producers ETF
Nuveen ESG Emerging Markets Equity ETF

AXS Change Finance ESG ETF

SPDR MSCI ACWI Low Carbon Target ETF *
Invesco MSCI Global Timber ETF

VanEck Environmental Services ETF

WisdomTree US ESG Fund

Principal Quality ETF

ALPS O'Shares Europe Quality Dividend ETF
Ecofin Global Water ESG Fund

Global X Health & Wellness ETF

iShares MSCI Finland ETF

Columbia U.S. ESG Equity Income ETF
WisdomTree Emerging Markets ESG Fund

782
709
685
674
654
515
481
462
447
398
395
341
316
313
312
271
270
254
244
224
217
192
190
180
177
167
158
152
138
137
137
114
105
82

74

73

68

60

57

29

28

26

24

0,48 %
0,50 %
0,63 %
0,43 %
0,56 %
0,40 %
0,80 %
0,49 %
0,29 %
0,35 %
0,55 %
0,30 %
0,62 %
0,43 %
0,30 %
0,58 %
0,50 %
0,20 %
0,62 %
0,59 %
0,49 %
0,47 %
0,32 %
0,30 %
0,53 %
0,42 %
0,17 %
0,53 %
0,32 %
0,65 %
0,35 %
0,49 %
0,20 %
0,61 %
0,55 %
0,28 %
0,15 %
0,48 %
0,40 %
0,50 %
0,53 %
0,35 %
0,32 %
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First Trust Small Cap US Equity Select ETF
ClearBridge Dividend Strategy ESG ETF

Franklin FTSE Hong Kong ETF

ProShares MSCI Europe Dividend Growers ETF
WisdomTree International ESG Fund

Invesco S&P International Developed Momentum ETF

Columbia International ESG Equity Income ETF

21
18
15
12

0,60 %
0,60 %
0,09 %
0,56 %
0,30 %
0,25 %
0,45 %
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Appendix 2. List of non-ESG ETFs

Name

Vanguard High Dividend Yield Index ETF
iShares Core S&P Total U.S. Stock Market ETF
iShares Core MSCI Total International Stock ETF
iShares Select Dividend ETF

Vanguard FTSE Europe ETF

SPDR Portfolio S&P 500 ETF

ARK Innovation ETF

SPDR Portfolio S&P 500 High Dividend ETF
iShares Semiconductor ETF

iShares U.S. Medical Devices ETF

SPDR Portfolio Emerging Markets ETF
iShares Core MSCI Europe ETF

First Trust Dow Jones Internet Index Fund
Global X Lithium & Battery Tech ETF
Vanguard International High Dividend Yield ETF
Fidelity Nasdaq Composite Index ETF

iShares MSCI All Country Asia ex-Japan ETF
U.S. Global Jets ETF

Vanguard Russell 1000 ETF

SPDR S&P Metals & Mining ETF

iShares Global Energy ETF

SPDR S&P Bank ETF

Invesco MSCI USA ETF

iShares MSCI World ETF

Vanguard S&P Small-Cap 600 ETF

ETFMG Prime Cyber Security ETF

iShares MSCI Switzerland ETF

iShares U.S. Home Construction ETF

ROBO Global Robotics & Automation Index ETF
iShares U.S. Consumer Staples ETF

Invesco FTSE RAFI Developed Markets ex-U.S. ETF

Vanguard Russell 3000 ETF
WisdomTree US High Dividend Fund

iShares North American Natural Resources ETF

First Trust Nasdaq 100 Equal Weighted Index Fund

Invesco Large Cap Value ETF
iShares Morningstar Value ETF
iShares Morningstar U.S. Equity ETF
Fidelity MSCI Industrial Index ETF
Global X FinTech ETF

AUM (USD M)
44584
39410
27909
22327
17139
13188
8385
8099
7627
6911
5397
4507
4452
4171
3798
3774
3534
2949
2610
2556
2374
2362
2235
2007
1872
1627
1446
1400
1297
1259
1141
1119
1107
1096
1020
791
778
760
726
631

ER
0,06 %
0,03 %
0,07 %
0,39 %
0,08 %
0,03 %
0,75 %
0,07 %
0,43 %
0,41 %
0,11 %
0,09 %
0,51%
0,75 %
0,22 %
0.21%
0,70 %
0,60 %
0,08 %
0,35 %
0,43 %
0,35 %
0,04 %
0,24 %
0,10 %
0,60 %
0,50 %
0,41 %
0,95 %
0,43 %
0,45 %
0,10 %
0,38 %
0,43 %
0,57 %
0,58 %
0,04 %
0,03 %
0,08 %
0,68 %



First Trust Dow Jones Global Select Dividend Index Fund
Invesco S&P 500® Equal Weight Consumer Staples ETF
WisdomTree U.S. SmallCap Fund

VictoryShares US 500 Volatility Wtd ETF

JPMorgan Diversified Return US Equity ETF

Invesco NASDAQ Internet ETF

SPDR S&P Global Infrastructure ETF

WisdomTree Global ex-U.S. Quality Dividend Growth Fund

SPDR NYSE Technology ETF

Invesco S&P SmallCap Health Care ETF

Global X Internet of Things ETF

Davis Select U.S. Equity ETF

First Trust Mid Cap Growth AlphaDEX Fund

First Trust Nasdaq Bank ETF

WisdomTree Europe SmallCap Dividend Fund
Invesco Dorsey Wright Healthcare Momentum ETF
First Trust Indxx Global Natural Resources Income ETF
iShares MSCI Global Silver Miners ETF

SPDR Portfolio Europe ETF

WisdomTree International High Dividend Fund

First Trust Multi Cap Growth AlphaDEX Fund

First Trust RBA American Industrial Renaissance ETF
Invesco S&P 500® Enhanced Value ETF

VanEck Natural Resources ETF

JPMorgan Diversified Return Emerging Markets Equity ETF

iShares MSCI Global Energy Producers ETF
Innovator IBD 50 ETF

Franklin FTSE Europe ETF

Invesco S&P 100 Equal Weight ETF

ProShares MSCI EAFE Dividend Growers ETF
Global X MSCI Norway ETF

SPDR Global Dow ETF

SPDR S&P Kensho Smart Mobility ETF
WisdomTree Europe Quality Dividend Growth Fund
JPMorgan U.S. Dividend ETF

SPDR MSCI World StrategicFactors ETF
Global X Gold Explorers ETF

1Q Global Resources ETF

Global X MSCI Next Emerging & Frontier ETF
Goldman Sachs ActiveBeta Europe Equity ETF
KraneShares MSCI All China Index ETF

First Trust S-Network E-Commerce ETF

First Trust Developed Markets ex-US Small Cap AlphaDEX Fund

625
615
593
577
531
524
506
484
430
333
327
327
276
264
254
252
200
200
197
191
185
175
169
163
158
139
136
131
118
106
105
103
89

68

66

57

38

35

20

18

14

10

0,57 %
0,40 %
0,38 %
0,35 %
0,18 %
0,60 %
0,40 %
0,58 %
0,35 %
0,29 %
0,68 %
0,61 %
0,70 %
0,60 %
0,58 %
0,60 %
0,70 %
0,39 %
0,09 %
0,58 %
0,63 %
0,70 %
0,13 %
0,49 %
0,44 %
0,39 %
0,80 %
0,09 %
0,25 %
0,51 %
0,50 %
0,50 %
0,45 %
0,58 %
0,12 %
0,30 %
0,65 %
0,30 %
0,63 %
0,25 %
0,49 %
0,60 %
0,80 %



First Trust Global Engineering and Construction ETF 10 0,70 %
Hartford Multifactor Diversified International ETF 5 0,29 %



Appendix 3. List of sin/controversial ETFs

Name

iShares U.S. Aerospace & Defense ETF
SPDR S&P Aerospace & Defense ETF
Fidelity MSCI Energy ETF

Invesco Aerospace & Defense ETF
ETFMG Alternative Harvest ETF
VanEck Steel ETF

VanEck Gaming ETF

AdvisorShares Vice ETF

AUM (USD M)
3995

1710

1581

1546

620

142

83

10

0,40 %
0,35 %
0,08 %
0,58 %
0,75 %
0,56 %
0,65 %
0,99 %



Appendix 4. Cumulative portfolio returns for all portfolios and the MSCI World index, 1.1.2018 — 31.12.2021
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