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Abstract

As the global assets under management considering sustainable investment criteria steadily increases,

new ESG investment strategies emerge aiming for the generation of alpha and outperforming the

benchmark. One of these strategies is the ESG Momentum strategy, building on the assumption of a

positive relationship between the improvement of a firm’s ESG profile and its financial performance.

Based on ESG data from MSCI, we are empirically testing the performance of a long-short portfolio

in the highest and lowest ESG Momentum firms respectively for the U.S. and Europe. We further

develop a factor for the integration into the Carhart 4-factor model to account for a potential

systematic outperformance. While we are estimating a cumulative performance of this long-short

strategy of 23% above the risk-free rate over a time horizon of 8 years, the constructed factor

portfolio yields only a small and insignificant outperformance. By integrating this ESG Momentum

factor as an additional explanatory variable, we find a performance-enhancing effect of the factor on

portfolio performance in Europe, while only insignificant and negative loadings in U.S. portfolios.

We thereby develop a first approach for the integration of the ESG Momentum into factor investing

and build a solid foundation for future research due to partly insignificant results and data limitations.
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1 Introduction

As the global awareness of sustainability increases, the consideration of Environmental, Social and

Governance (ESG) matters for companies and investors are no longer optional but essential. For

companies, the incentives for ESG efforts clearly shifted from ethical to financial motivations. By that

ESG became a responsibility of firm managers towards the society, their shareholders and employees

in order to ensure the firm’s financial health, employee satisfaction as well as its reputational capital

(Glossner, 2018).

For investors ESG metrics are accordingly a strong predictor of earnings and operational risks

thereby functioning as a performance differentiator (Bank of America, 2019a). A better ESG profile

is not only associated with less negative earnings surprises due to recurring ESG incidents (Glossner,

2018), but also with lower systematic as well as idiosyncratic risk measures (Dunn et al., 2018). In

particular, we find by means of our data, that high ESG-ranked firms systematically exhibit lower

betas and stock price volatility compared to poorly ranked firms. Similar findings are provided by

Verheyden et al. (2016) which estimate larger drawdowns and tail risks for low ESG firms indicating

that ESG constitutes a risk factor which traditional models do not capture yet. Considering ESG

information in the investment and portfolio construction process thereby helps investors increase

risk-adjusted returns making the investors’ incentives of integrating ESG into equity models clearly

performance-based (Dunn et al. (2018), Verheyden et al. (2016)).

This increasing investor awareness of the informative and predictive power of ESG data is re-

flected by the strong increase in both the number of investment funds considering ESG information

in their investment process as well as the assets under management. While the assets under manage-

ment at the initiation of the UN Principles of Responsible Investing in 2006 only amounted to USD

6 trillion, they have increased to over USD 85 trillion by 2019 (PRI, 2019). Similarly, sustainability

focused funds and ETFs covered around USD 20.6 billion in assets in 2019 representing a nearly

4 times increase from 2018. Overall, ESG mandates which so far (2018) represent 26% of actively

managed funds is expected to rise to 50% by 2025 (Cowen, 2020). The strategies most used by

investors are hereby screening approaches or tilt strategies which are boosting risk-adjusted returns

and are often an effective signal of alpha (Bank of America, 2019b).
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While most of these investment strategies are build upon the relationship between the ESG score of

a firm and its financial performance, only little empirical research has been made with regard to

the financial impact of the ESG Momentum. The ESG Momentum describes the financial value

of changes in a company’s ESG profile thereby representing a dynamic measure which is more

predictive of a firm’s financial performance than the static ESG score. In particular, the hypothesis

of an investment strategy based on ESG Momentum is, that firms with the most improvement in

their ESG profile outperform their counterpart with the lowest ESG Momentum. Based on the

research by Giese & Nagy (2018), we are developing a modified version of their ESG Momentum

investment strategy which we test empirically by means of our MSCI data for the two most mature

and ESG-aware markets, the U.S. and Europe. Furthermore, we are delivering a first approach to the

integration of the ESG Momentum factor into a factor investing framework based on the suggested

systematic outperformance of high relative to low ESG Momentum firms which is not explained by the

traditional Carhart (1997) 4-factor model. Our research question therefore investigates whether this

systematic outperformance based on the ESG Momentum exists and how much the ESG Momentum

factor is able to contribute to explaining differences in portfolio returns in a Fama French factor model.

With respect to the outlined research question, our results provide supporting evidence, albeit

economically small and partially insignificant. While we do find a higher monthly excess return for

a portfolio consisting of high ESG Momentum firms in comparison to one with low ESG Momentum

firms, the difference between the two is not statistically significant. Furthermore, for both of the

two portfolios, we find a significant positive abnormal return not explained by other factors in the

model indicating a positive impact associated with both high and low ESG Momentum. Integrating

the ESG Momentum factor as an additional explanatory variable in our Carhart framework, yields

positive and significant results for the European market, while only insignificant and mostly negative

coefficients for the U.S. counterpart. Even though the ESG Momentum factor does not seem to be

the main driver of performance differences across portfolios, it seems to signal systematic regional

differences in awareness and performance effects of ESG, thereby entailing relevant implications for

the use of ESG data in different geographies (Amel Zadeh & Serafeim (2018); Bank of America

(2019a)). Further breaking down the analysis to industries and the three ESG pillars separately,

provides valuable insight into the dimensions of ESG as well as the importance of the industry’s

material pillar for its performance.
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While our thesis is able to provide important results with respect to the performance implications

of the ESG Momentum factor, it still lacks some significance and distinctness in return patterns

associated with the ESG Momentum. These gaps could be traced back to details of our analytical

approach as well as the investigated time horizon but also to qualitative factors of the investment

strategy. Considering the contribution along with the shortcomings of our thesis, it serves as a

successful first approach to the integration of the ESG Momentum factor into a factor investing

framework as well as a valuable foundation for further research.

The remainder of this paper is structured as followed: Section 2 describes the fundamentals of ESG

investing, covering an explanation of the three pillars, the scoring methodology of MSCI as well as

the incentives for including ESG information into the investment processes. This part of the thesis

introduces the financially material dimensions of ESG which beyond the ethical considerations have

a tangible impact on a firm’s financials, risk and performance.

After briefly explaining traditional investment strategies and asset pricing models relevant for this

thesis, section 3 further focuses on the risk dimension of ESG and introduces ESG-related investment

strategies and their performance. The section thereby functions as a literature review on the

integration of ESG data into investment processes and the corresponding performance implications,

building the foundation of our research question and contribution outlined in the last part of section

3. Section 4 subsequently covers the data set used for our analysis including our sample selection

approach and relevant descriptive statistics. Section 5 describes the methodological approach used

to test our hypotheses.

Following our methodology, section 6 then presents our main results with respect to our conducted

analysis on the ESG Momentum factor as well as our regressions. While the first part of the section

especially focuses on the factor’s basic properties, its distribution and performance patterns, the

second part exhibits the results of our full sample and industry-related regressions. The outcome

of these results will be discussed in the subsequent section 7 and evaluated critically. We hereby

consider our methodological approach and research philosophy as well as limitations due to data

availability and quality. Furthermore, we will discuss the shortcomings and opportunities of our

thesis providing an outlook on future potential research. Section 8 eventually summarises our findings

within the paper.
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2 Theoretical Background of ESG Investing

The growing interest in environmental, social and governance (ESG) issues has in recent years found

increasing importance in the investing space. This is reflected not only in the increasing assets under

management and the number of signatories to the UN Principles of Responsible Investing (PRI)

(Goldman Sachs, 2018), but also in the rising number of ESG rating agencies. These are meeting

investors’ demand to screen companies on their ESG performance and develop ESG scores accordingly.

However, markets are still far from establishing a standard in terms of how to define and evaluate

ESG exposures and develop a common methodology behind company ratings. Correspondingly,

reported ESG is still sparse since the coverage of global firms is poor and only little of the ESG

reporting is standardised or mandatory for companies (Bender et al., 2018). Thus, the approaches

on how to assess a company’s sustainability based on the environmental, social, and governance

criteria varies substantially across rating providers, making the results difficult to compare and

creates confusion for investors (Berg et al., 2019).

The increasing focus on responsible investing observed in the market is hereby driven by sev-

eral factors observed in various previous research papers which are summarised further down in

this section. These driving forces stem on the one hand from investors’ growing awareness of

value-destroying risks associated with ESG issues and their importance in determining risks and

returns of the asset itself. On the other hand there is an increasing demand by beneficiaries of asset

managers towards a more transparent and active investment approach considering environmental,

social and responsible dimensions in their investments. In the course of this development, asset

managers and investors do not only compete in their performance and returns but also in a broader

sense concerning investment products, purpose, and responsibility (PRI, 2019). Before going further

into detail about the impact of ESG information on investments and investors, we will start by

defining environmental, social and governance factors. As there are still no market standards for

how to measure and quantify material ESG information, we will use the definitions provided by

MSCI which is the ESG data source used for this thesis. We will subsequently explain the rating

methodology used by MSCI to assess companies ESG performance. Afterwards, we will summarise

the relevant literature on the impact of ESG information on a company’s financial performance as

well as the current limitations to the use of ESG data in investment processes.
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2.1 The ESG Pillars

Companies are exposed to a broad range of ESG issues through their industries and respective

business models. ESG criteria can correspondingly be seen as a proxy for a company’s financial health

and long-term performance by many investors (MSCI ESG Research, 2019). As ESG scores are an

aggregation of three individual pillars, it is important to understand how environmental, social and

governance factors are defined and how they individually impact a company’s performance. Good

ESG performance is thus reflected by environmental consciousness, social awareness as well as good

corporate governance practices. Table 1 summarises the 37 key ESG issues defined by MSCI and

describes both risks and opportunities of each of the ESG dimensions (MSCI ESG Research, 2019).

It is crucial, that what is a risk for one company within might represent an opportunity for another

company. As an example, a proposed new regulation on reduced carbon emissions could impose a

negative risk for the aviation sector, but might open up new opportunities for businesses operating

in alternative travel industries. Summarising the issues in Table 1, we see that environmental

consciousness is measured by things such as low carbon footprint in the production cycle, reduced

water usage as well as innovative opportunities that might emerge from new regulations or changing

market demand. The social pillar areas of importance are good treatment of employees as well as

various measures increasing the well-being of the community. Furthermore, promotion of health and

safety at the workplace and along the supply chain represent important aspects of the social pillar.

Lastly, good corporate governance is measured by the protection of shareholders’ rights, eradiction

of corruption and unfair practices as well as transparency.

Table 1 clearly shows that the three pillars of ESG scores cover many different aspects of a

company and therefore enable a broad assessment of its score. This is important to keep in mind

when considering these aspects in an investment context. Threats resulting from climate change

or the scandals following a discriminatory workplace are rarely disclosed, and it can be difficult to

measure these risks and quantify their impact on performance (Berg et al., 2019).
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Table 1: ESG Definition MSCI

Pillar Themes 37 ESG Key Issues

Environment

Climate Change
Carbon Emissions
Product Carbon Footprint

Financing Environmental Impact
Climate Change Vulnerability

Natural Resources
Water Stress
Biodiversity & Land Use

Raw Material Sourcing

Pollution & Waste
Toxic Emissions & Waste
Packaging Material & Waste

Electronic Waste

Environmental Opportunities
Opportunities in Clean Tech
Opportunities in Green Building

Opportunities in Renewable Energy

Social

Human Capital
Labor Management
Health & Safety

Human Capital Development
Supply Chain Labor Standards

Product Liability
Product Safety & Quality
Chamical Safety
Financial Product Safety

Privacy & Data Security
Responsible Investment
Health & Demographic Risk

Stakeholder Opposition Controversial Sourcing

Social Opportunities
Access to Communications
Access to Financ

Access to Health Care
Opportunities in Nutrition & Health

Governance

Corporate Governance
Board
Pay

Ownership
Accounting

Corporate Behavior
Business Ethics
Anti-Competitive Practices
Tax Transparency

Corruption & Instability
Financial System Instability

The assessment of these key issues on a company level eventually comes down to analysing their

potential materiality. By definition, a negative externality facing a company or an industry is

considered material when it probably will incur costs of substantial magnitude for either the firms

or the industry as a whole. Following this, MSCI measures each industry’s material issues by

looking at the average values of externalised impacts of metric such as carbon or water intensity

and injury rates (MSCI ESG Research, 2019). Looking at the differences in geographical markets,

material information on ESG metrics in the U.S. are self-reported and are not based on formal

standards Bender et al. (2018). In Europe, however, more formal requirements are evolving. With the

Accounting Directive on disclosure of non-financial and diversity information in 2014, the European

Commission approved a mandate for global establishment. This directive has been transferred into

national laws by member states, which push the disclosure of ESG information forward Bender
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et al. (2018). Furthermore, the European Commission published an action plan on Sustainable

Finance in March 2018 which is set to embed consideration of ESG issues into legislative standards

across the financial sector. The EU’s regulatory reforms have the intention to establish a common

taxonomy across the market to identify environmentally sustainable activities. These activities in

turn contribute to fighting inequality, foster social integration, social cohesion as well as labour

relations. Furthermore, they promote sound management structures, employee relations and tax

compliance. All of these measures cover the three ESG pillars and eventually will make it easier for

rating companies to analyse companies and industries on ESG criteria Baker McKenzie (2019). In

the following section we will go further into detail about MSCI’s assessment of companies ESG score

under consideration of the 37 key issues described in Table 1. Furthermore, we will provide a short

descriptive analysis of the ESG data from MSCI, to better understand its potential benefits and

limitations.

2.2 MSCI Rating Overview

In this section, we will go into depth on the ESG data we use for our analysis by building upon the

ESG definitions outlined above and explaining the rating methodology used by MSCI. Following

that, we will present some descriptive statistics on the data to get a deeper understanding of its basic

properties and its differences across regions and industries. As the integration of ESG information

in investment strategies represents a relatively new field of research, there are still many limitations

to the use of ESG data which we will explain further down in section 2.5.

Rating Methodology

The MSCI ESG ratings are based on individual assessments of the material key issues described in

the previous section. The relative importance of the relevant risk factors are applied to each industry

by assigning weights to them accordingly. Each company is then given a score on each of the three

pillars ranging from 0 to 10 based on how much exposure it has to the relevant key issues and how

well they are managed. The individual score on each pillar is subsequently aggregated to the final

ESG score as a weighted average. The rating model thus attempts to capture the most significant

risks and opportunities a company and its industry face, how exposed they are to these and how

well they succeed at limiting the possibility of them materialising. Consequently, a company with
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high ESG risk exposure might still have a good ESG score if it succeeds at adequately mitigating

these risks. The aggregated ESG score is then adjusted by industry to describe each company’s

ESG performance relative to its industry peers. This is done by normalising the score on a global

industry basis, so that the highest rated companies within an industry in general will receive a

rating of 10 and the worst a rating of 0 (MSCI ESG Research, 2019). This facilitates the inclusion of

ESG information in the investment process, as it enables the comparison of company scores across

industries and avoids a bias of investments towards better rated industries due to unadjusted scores

(Credit Suisse, 2015).

To be able to present a holistic assessment of companies’ ESG risk including industry, geographical

and business elements, the data quality needs to be high. For this, MSCI uses a range of sources

and documents including company reports, government data, news as well as input from relevant

organisations and professionals (Dunn et al., 2018). Referring to the above presented information on

the regulation of material ESG issue disclosure, the quality of ESG information has improved over the

recent years. Following this process, MSCI has also updated its methodology. In 2013 they expanded

the assessed key issues from the same seven for all companies, to three to five main issues selected

from the 37 presented in Table 1 (Credit Suisse, 2015). This likely represent an upgrade in terms of

data quality, that might be observed in the data. Thus, before we are introducing the impact and

materiality of the ESG scores, we will look at some basic properties of the data in the paragraph below.

ESG Characteristics

Figure 1 plots the average monthly scores of the individual pillars as well as the aggregated ESG

score between 2006, when MSCI first started rating companies, and May 2019. As depicted in Figure

1, we can see that the pillars are mostly stable over time but exhibit time frames of high volatility.

Especially in the period between 2011 and 2015, there seem to be a few structural breaks with a large

impact on average scores but also on pillar correlations. While the three pillars show a high degree

of correlation up until 2012, in the range of 83% -94%, the correlations afterwards are even turning

negative at times. In particular, the governance pillar exhibits an increasing pattern up until February

2015, before it decreasing rapidly. This development suggests an investigation of the underlying raw

data concerning firms entering the data set but also provides evidence for the above raised question

on data quality. Looking at the data set from MSCI more closely reveals a large number of firms
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entering the data set at once thereby possibly explaining the described fluctuations. In the beginning

of 2012, over 2000 new firms with an overall lower rating entered the data set consequently pulling

down the average score significantly. Besides the governance pillar, the environment and social score

are both more consistent in their development after 2013, when the new methodology was introduced.

Figure 1: Average Score of Individual Pillars and Industry-Adjusted Score

In Table 2 we look further into the characteristics of the individual pillars and present the basic

descriptive statistics of their individual as well as the industry adjusted ESG scores. As the pillars

are not normalised across industries, we also include the weighted average scores, to ease comparison

between the pillars and the final score. The purpose of this table is thus to get a first understanding

of the interplay of pillars and their contribution to the overall ESG score. As we can see the

mean is naturally quite equal across the pillars but slightly tilted towards the environmental and

governance pillar. The overall industry score accordingly seems to be driven to a larger extent by

the governance followed by the environmental pillar. In terms of the standard deviation, there does

not seem to be any significant differences between the pillars. Overall, the ESG scores have a posit-

ive skew, meaning that the majority of firms are placed above the mean on the probability distribution.
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Table 2: Descriptive Statistics MSCI ESG Data

Mean Median Skew Std.
Dev

Industry-Adj. Score 4.98 4.90 0.20 2.31

Weighted avg. ESG Score 4.81 4.76 -0.31 1.37

Environmental Pillar 5.09 5.05 0.02 2.13

Social Pillar 4.77 4.80 -0.13 1.82

Governance Pillar 5.41 4.40 -0.07 2.01

Geographical and Industry Comparison

In order to better understand how ESG information can be used, we investigate the regional and

sectoral differences within the data. As shown in Figure 2 we can see that the average score is

quite stable in the European market and the U.S., while appearing to be more volatile across other

regions such as Eastern Europe. Compared to other regions, the European average ESG score is

also substantially higher indicating that European firms are less exposed to or better at mitigating

ESG risks. Furthermore, as outlined above, the regulation on the European market regarding the

disclosure of ESG risks has developed more than in other locations providing another explanation

for this. In line with these observations, average CO2 emissions in relation to sales in Europe have

also historically been significantly lower than other regions which can be seen in Appendix I. This

can further be seen as a proxy of the firms’ exposure to environmental risks, which again indicates

that a higher awareness of European firms for ESG matters.
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Figure 2: Industry-Adjusted Score by Geography

Figure 3 provides an overview of the average ESG score by a few selected industries therefore

completing the picture on geographical and sectoral differences of firms. The rated companies are

categorised based on the Global Industry Classification Standard (GICS), which is an industry

taxonomy developed by MSCI and Standard & Poor’s (S&P) for use by the global financial community

(MSCI ESG Research, 2019). Furthermore, the figure depicts the weighted-average instead of the

industry-adjusted scores, as this enables an unbiased comparability between industries. At first

glance, it is evident that the average scores across industries appear quite volatile at the beginning

of the time frame. This observed volatility, however, is stabilising after 2013 with the establishment

of the new methodology regarding the assessment of key material ESG issues within the industries.

In the end, most sectors lie within the same range of average ratings, with Industrials and Utilities

performing somewhat above average.

Page 11 of 104



Figure 3: Weighted-Average Score by Selected Industries

We can further see that some of the volatile patterns exhibited in Figure 1, especially with the drop

around 2011, can generally be traced back to score developments in emerging markets (Middle East,

Africa and Eastern Europe) and industries such as Materials, Utilities and Energy. Based on both

Figure 2 and 3, we can also see the significant impact of the changed scoring methodology of MSCI

as it seems to stabilise scoring across regions and industries from 2013 on. This again provides

some indication and understanding of how quickly the quality of ESG data is developing and how it

can lead to more consistent ratings. On the one hand, this is beneficial for the inclusion of MSCI’

ESG information in investment decisions as it adds some credibility to the data source. On the

other hand, it indicates that there are still limitations to the use and integration of ESG data in

the investment process since it is difficult to receive an objective assessment of a company’s ESG

performance. Before we will go more into detail on the these data limitations in section 2.5, we

will first outline which incentives investors have to incorporate ESG information into their decision

making and through which channels these ESG matters might be material for the company as well

as the investment.
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2.3 Motivation of Incorporating ESG Information

The general motivation of investors using ESG information in their investment process is summarised

in the paper by Amel Zadeh & Serafeim (2018), which presents the results of a global survey

including a wide range of asset managers worldwide. The survey investigates not only if and for

what reasons investors use ESG information, but also how they integrate it into their decision

process. The main share of companies in the survey is located in Europe (40%) and the U.S. (34%)

while the remaining 15% and 11% are referring to Asia and the rest of the world respectively. Due

to the over-representation of European and North American firms, the authors especially focus

on comparing the results of the survey for these two regions. With respect to the use of ESG

information in the investment process, the vast majority of investors globally (82%) integrate it in

their investment decisions independent of their size, but slightly varying with their share of ESG

asset allocations. Comparing the results regionally, the higher statistical penetration with 84% in

Europe and only 75% in the U.S. underlines the higher awareness of the importance of ESG within

Europe (Amel Zadeh & Serafeim, 2018).

In general this integration of ESG components into investment strategies leads back to two categories

of investors’ incentives: financial/performance-based incentives and norm-based incentives, also

known as ethical investments. The first is the most prominent one, with 63% among investors

globally stating to be under the perception that ESG data contains financially material information

essential for analysing future performance of investments. This result especially applies to investors

with a high asset allocation towards ESG stocks as they in principle might believe in a higher

performance of these assets (Amel Zadeh & Serafeim, 2018).

Besides this main incentive of performance enhancement, other strategic-financial motives can be

found among investors which are specifically important to large scale investors in contrast to smaller

ones. Due to the increased awareness of ESG issues within society, we also observe an increased

general demand for more sustainable and responsible investing from clients and beneficiaries. This

development in turn forces asset managers not only to expand their usual investment considerations

but also to increase their transparency (Amel Zadeh & Serafeim, 2018). The latter is especially crucial

for institutional investors such as pension funds which have a high media presence. Sustainable

investing can have reputation-enhancing effects for these types of investors while the opposite might
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harm their social standing. Despite the increase of transparency within the investment process,

investors are also motivated to develop innovative new investment products considering ESG data.

This incentive is with 47% versus 30% significantly more prominent among US investors compared

to European ones (Amel Zadeh & Serafeim, 2018).

Looking at smaller asset managers, they are, similar to European ones, more concerned with the

ethical perspective of investing and consider the incorporation of ESG data into their investment

process as an ethical responsibility. Furthermore, in particular European investors believe that

integrating ESG information into investment decisions might be an effective measure to change s

firm’s behavior in the long run (Amel Zadeh & Serafeim, 2018).

Overall, the evidence from the survey suggests the relative importance of financial and strategic

motives compared to ethical incentives which differs significantly with the geographic location of the

investor and its size. We do accordingly observe more consideration of ethical factors within Europe

and among smaller investors which also believe that active engagement with these companies might

lead to an improvement in addressing ESG issues. In contrast, U.S. investors are more concerned

with the financial performance of their assets and even think that using ESG information would

violate their fiduciary duty (Amel Zadeh & Serafeim, 2018).

2.4 Financial Materiality of ESG Information

As suggested by the previous section, financial motives play a crucial role when incorporating ESG

data into the investment process. Accordingly, it makes sense to explain and define the financial

impact of material ESG risks outlined by MSCI and summarise related research on this topic. In

this section, we will develop the matter of material risks further in order to better understand the

relationship between ESG issues and financial performance both, on an aggregate score level and

for the individual pillars. This will yield a better understanding of not only investors motivation of

including ESG information in their investment strategies, but also of how it should be used. The

literature on the impact of ESG on financial performance regarding both, a company’s accounting

metrics and the returns to shareholders, has so far been inconclusive as described by the overview of

previous empirical results below.
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In general, most investors (97%) that responded to the survey by Amel Zadeh & Serafeim (2018)

consider ESG information as financial material as it has a high impact on the company’s reputation

and brand, and therefore its value. In close relation to this, 93% of respondents suggest that ESG

data contains valuable information about potential litigation and regulatory risks (Amel Zadeh &

Serafeim, 2018). These are the two predominant reasons for why investors consider ESG data, which

are both addressing the risk dimension of ESG. The risk aspect of ESG will be further discussed

in a later section in which we explain why it can have a significant financial impact that could

potentially translate into performance losses for the investor. In addition to these two, the survey

reveals further indications of how the incorporation of ESG data might materialise. In particular,

respondents believe that ESG might serve as a proxy for management quality, signal a long-term

approach to value creation or even reveal a competitive strength. As stressed before, all of these

factors are associated with a performance-enhancing motive of investors rather than their ethical or

social mandates (Amel Zadeh & Serafeim, 2018). The question to be answered though, is whether

these motives can be translated into actual financial benefits.

Khan et al. (2016) further identified that industry-specific classifications of material ESG information

is predictive of firms’ future financial performance. Seen from the opposite perspective, ESG factors

can also be investigated from the point of view that the lack of ESG efforts and ESG weaknesses

can have an assumed negative impact on performance. Furthermore, Khan et al. (2016) found that

companies that perform well on material ESG issues tend to outperform those with lower scores,

while no such relationship can be found on immaterial ESG issues.de Franco (2018) found that the

failure of a company to address and mitigate associated risk has a negative effect on European and

U.S. stocks, where the market reacts negatively to ESG downgrades. The result was opposite for Asia,

where portfolios consisting of ESG controversial stocks outperformed its benchmark. Additionaly,

Eccles et al. (2014) saw that what they classify as ’High Sustainability companies’ outperform

their counterparts over the long-term both regarding stock market performance and in relation to

accounting metrics.

It has also been suggested that the market does not fully value the benefits of ESG immediately.

Deng et al. (2013) found that high CSR acquirers realise higher merger announcement returns and

larger increases in post-merger long-term operating performance, with long-term positive stock

returns.
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Despite these results, it is not evident from the existing literature that ESG information im-

pacts financial performance positively. Nollet et al. (2016) found that the effect of ESG information

on companies’ performance is U shaped, which implies that the financial benefits of ESG engagement

does not immediately pay off. Rather, it has a negative impact on profitability up until a certain

threshold after which the efforts start to pay off. They also investigated the pillars individually,

which we will revise and develop further in the subsequent sections. While other literature finds no

significant correlation between ESG and financial performance (Garcia et al., 2017), Baron et al.

(2011) disclose a negative correlation between corporate financial performance and social pressure

on the U.S. stock market.

To go further into detail about which ESG issues are financially material and most crucial for

the investment process, we are again breaking down ESG into the three pillars. Separating the

environmental, social and governance pillars from the aggregated ESG score is in this context useful

to understand the entire contribution from ESG to a company’s financial performance and risk profile.

While several studies have looked at the impact of these individual dimensions, it has been found

that the influence of each pillar is dissimilar which further justifies adjustment and customisation of

ESG efforts (Jitmaneeroj, 2016). Therefore, besides describing to which extent each ESG issue is

financially material, the literature review below also provides insight into the discrepancies between

industries and countries regarding the financial impact of each of the three pillars.

Environmental Pillar

With climate change as one of the most complex and significant challenges of our time, the environ-

mental pillar does not only refer to the potential impact on society, but also on firms’ production

decisions that come along with several substantial macroeconomic and financial implications (Barnett,

2019). In general, it has been found that responsible corporate environmental behaviour in the

form of reduction of pollution levels or waste prevention measures creates a comparative advant-

age towards less sustainable competitors and leads to better firm performance. This better firm

performance can not only be found in operational measures such as the return on assets, but

also in the positive relationship between stakeholder welfare and corporate financial performance.

Moreover, mitigating toxic chemicals and accompanying environmental lawsuits will reduce the
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risk of high litigation costs and thereby further enhance firm value (RBC Wealth Management, 2015).

The above-described issues, which also was touched upon in section 2.1, has received increas-

ing attention with a particular focus on pollution levels. The critical point for most firms dependent

on CO2 emissions is the uncertainty regarding the timing and extent of policy changes and regulations

which carry risks for the firms’ operations. The possible effect of such policy changes in the energy

sector has been investigated by Barnett (2019), who models the policy adjustment as a stochastic

jump in the energy input share of oil for final output production. This policy adjustment is meant to

reflect proposed restrictions and mandates on the use of oil and fossil fuels and should incentivise the

switch to green technology. The risk and uncertainty associated with these policies induce the energy

giants to avoid their reserves being stranded. Since we in recent years have increasingly observed

a movement within the energy sector from fossil fuels to renewables, this transition paired with a

decreasing demand in the market will result in substantial oil price reductions and therefore a decline

in revenues (Barnett, 2019). Needless to say, this development can also be seen in relation to gas and

coal reserves which are as well highly dependent on hydrocarbon assets and are due to the restrictions

likely to be stranded. For large energy groups such as Exxon Mobil, BP and Saudi Aramco this

stranded fossil fuels naturally translate into a large decrease in firm value and share price valuations.

A recent study from the Dutch National Bank on the Dutch financial market also revealed which

sectors are particularly vulnerable towards new carbon regulations, by performing a stress test based

on four different plausible scenarios. The result focused on the utility, as well as the energy and

transportation sector, which in particular are sensitive towards new regulations (DNB Research, 2018).

The above-described issues and risks are especially present within the markets for energy and

infrastructure and therefore crucial for geographies whose industrial focus is placed on these sectors.

Looking at the Scandinavian market, Dahlberg & Wiklund (2018) confirm this statement and find

that the environmental component shows the highest impact on financial performance among the

three. With the large oil reserves in Norway and giants within the logistics and infrastructure space

such as A.P. Møller Maersk, Scandinavia is particularly exposed to the explained risks. Consequently,

also the focus of investors in these areas is placed on predominantly exposed sectors so that their

investment performance is highly influenced by their operational performance.
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Social Pillar

The studies made on the social dimension of ESG relates in large to different aspects of human

capital, stakeholder management and workplace practices as described in section 2.1 where we define

the individual pillars. Faleye & Trahan (2011) found positive stock price reactions to announcements

of the Fortune 500 list including the "100 Best Companies to Work For". Edmans et al. (2014)

investigate employee satisfaction and stock returns in 14 countries around the world over different

time periods and find positive alphas for a portfolio of companies with the highest rate of satisfaction

in 11 of the countries. This provides supporting evidence for the positive relation between the social

pillar and financial performance, but also that the results are dependent on location. Additionally,

Sassen et al. (2016) looked at ESG contribution to risk rather than financial performance on a

broad sample of European companies, and found that social performance has a significant decreasing

effect on companies’ risk. Furthermore, Krüger (2015) investigated short-term value effects of

environmental and social incidents, and found that disclosure of negative CSR news yields a negative

11-day cumulative abnormal return of 0.88%. For his sample, this negative impact amounts to an

average value loss of 60.4 million US dollars per event. Cavaco & Crifo (2014) further investigated

the relationship between different ESG dimensions and financial performance and estimated that

responsible behaviour toward employees, customers and suppliers appear as complementary inputs

of financial performance.

Governance Pillar

Many studies have tried to disclose the relationship between stock market performance and corporate

governance with conflicting results. The literature on this relationship especially emphasis external

governance, level of industry competition and internal dimensions such as the board of directors

and executive compensations which are all relating to the material governance issues presented in

Table 1. Nollet et al. (2016), as well as Velte (2017), found that the corporate governance pillar has

the strongest impact of the three ESG categories on financial performance due to the influence it

has on shareholders as well as the long tradition on governance reporting. Within the governance

pillar, anti-corruption measures are regarded to be especially financially decisive. According to Healy

& Serafeim (2015), the disclosure of anti-corruption measures has a double function in predicting

both future media coverage of corruption issues as well as sales growth and changes in operating

profitability. Other authors, such as Hillman & Dalziel (2003), stress the importance of leadership and
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the role of the board of directors which evidently have a significant impact on a firm’s performance.

Similarly, Dunn et al. (2018) point out that firms with poor governance might be more likely to

experience a scandal or misstate their earnings. While these incidents do not necessarily need to

occur in the short-run they have a high probability of increasing long-term risk. In addition, Gompers

et al. (2003) provides evidence that well-governed firms outperform firms with poor governance by

constructing a long-short portfolio of these two firms types assessed based on the adequacy of their

shareholder rights. According to Gompers et al. (2003) results, this portfolio delivers a risk-adjusted

abnormal annual return of 8.5%. However, there is conflicting evidence regarding whether these

results are driven by sectoral traits or other firm characteristics. Further adding to this discussion

around industry impact, Jitmaneeroj (2016) found the governance pillar to be insignificant for

financial performance across all industries.

As is evident from the paragraphs above, there are contradictory results on the contribution

of ESG on financial performance. This can be explained partly by differences in countries, industries

and sample selection, as well as different methodologies (Iamandi et al., 2019). In line with these

findings, Jitmaneeroj (2016) stressed that in addition to the sensitivity to industries, the impact of

the pillars also highly depend on geographies, local business conditions, company size and strategies.

In conclusion, this means that both systematic and idiosyncratic factors matter and that ESG

efforts should be directed towards business units where they are generating the highest value. Thus,

these results confirm the need of specialisation and synergies to give the best financial performance.

Additionally, all these studies and results show that it is difficult to compare the impact of ESG

data across sectors and geographies due to differences in market conditions, reporting practices or

the reliability of data sources. These limitations to the use of ESG data will be discussed in the

upcoming section which goes further into detail about differences in rating methodologies and the

regulatory framework on the disclosure of exposures as well as mitigation of ESG risks across regions.

2.5 Limitations to the Use of ESG Data

As mentioned several times in this chapter, a main issue when it comes to integrating ESG data into

investment decisions is the lack of standardisation and regulation regarding the disclosure of ESG

information. Furthermore, the comparability of rating procedures as well as the assessment of ESG
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risks from different data providers is due to this lack of standardisation mitigated. This can lead to

substantial discrepancies in the approach of using ESG data as well as investment strategies (Bender

et al., 2018). Bender et al. (2018) broke this issue down further, and recognised some key challenges in

the ESG integration process: Defining materiality, normalising materiality of risks across companies,

aggregating and weighing of ESG factors and how to estimate ESG risks of unreported companies.

All these issues in the end rely on the fact that different rating providers have derived different frame-

works for their methodologies, partly due to the absence of clear market standards. The implications

of this can be seen in the correlations of ESG scores across rating providers. (Bender et al., 2018)

found that ESG scores correlate within a range of 0.47 to 0.76 among the largest rating agencies. In

particular, the correlation between MSCI ESG data used in this analysis and Sustainalytics, another

market leading provider, is only 53% over their research period. This sheds some additional light

upon the issues mentioned above about the objective nature of ESG data available to investors.

This lack of market standardisation and regulation on how to assess material ESG risks and oppor-

tunities in the market can eventually lead to very different investment strategies (Bender et al., 2018).

This issue has been further confirmed in the survey results by Amel Zadeh & Serafeim (2018)

in which they describe the lack of cross-company comparability by the different rating agencies to

be the biggest challenge of integrating ESG information. Furthermore, investors face additional

difficulties in making use of ESG data since it is not only costly to gather and analyse, but also

lacking details making it difficult to quantify. Lastly, some investors consider ESG disclosures too

infrequent and even doubt their reliability so that they require external auditing. Even though these

responses are assigned with statistically lower importance, they are in line with the lack of reporting

standards and underline the rather qualitative approach of ESG disclosures for now (Amel Zadeh &

Serafeim, 2018).

It is of course still important to recognise that ESG data has developed a lot over the years,

even though the scores differ to a great extent across data providers and the quality in general has

been questioned. Rating providers say their systems can only improve if companies are forced to

report on sustainability data (Berg et al., 2019). Thus, new regulations such as the new taxonomy

from the EU established in the markets, will probably help push the industry towards a new, higher

standard.
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3 Investment Strategies and Asset Pricing Models

Before going into detail about how to incorporate ESG information in the investment process, we

first introduce basic investment strategies and asset pricing models relevant to this paper and our

ESG integration approach. We thereby focus on the momentum strategy, which in recent years

has been the driver of portfolio outperformance, and the Fama French asset pricing model with its

extensions which are utilised in nearly every context of asset pricing theory.

3.1 Momentum strategy

Momentum trading first introduced by Jegadeesh & Titman (1993) can be understood as an invest-

ment strategy aiming at monetising on continuing market trends. Based on the hypothesis that stock

prices either tend to over- or underreact to information, Jegadeesh & Titman (1993) investigate

strategies of selecting stocks based on their past return to create outperformance. By means of their

created decile portfolios based on returns over the past three to 12-months, they showed that the

best performing U.S. stocks tend to continue to perform well over the subsequent three to 12 months.

Meanwhile, stocks with poor returns over the same period continue to perform poorly. Consequently,

a portfolio consisting of a long position in the best performing stocks (winners) and a short position

in the worst performers (losers) earns a positive significant return for any of the tested formation

and holding periods. This pattern tends to continue every five year period starting 1965 until 2004

creating consistent outperformance which is even more pronounced when leaving a time gap between

formation and holding period to avoid short-term reversals (Jegadeesh & Titman, 2011).

Since the introduction of the momentum strategy in 1993 it has become a well-known and publicised

anomaly which continues to generate superior returns in all developed market. As such it might

be seen as the strongest evidence against the efficient market hypothesis under which predictable

patterns in returns should be exploited by market participants and thereby eliminated quickly

(Jegadeesh & Titman, 2011). With the extension of the Fama & French (1993) 3-factor, Carhart

(1997) introduced the anomaly of the price momentum as an additional factor making a large

contribution to our modern asset pricing theory which is further discussed below.
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3.2 Asset Pricing Models

CAPM and the Fama-French 3-Factor Model

The well known capital asset pricing model (CAPM) of Sharpe (1964) and Lintner (1965) which was

long seen as the guideline for the analysis of risk and return, was later questioned due to the significant

remaining cross-sectional variation of stock returns that could not be explained by the market beta.

In the course of this critique, Fama & French (1992) were the firsts to develop a multifactor model to

extend the CAPM with two additional factors. Fama & French (1992) hereby relied on results from

Banz (1981), showing that the CAPM beta was misspecified due to the larger average risk-adjusted

returns of small firms compared to their larger counterparts. This observed size effect creates a

bias in the beta which is estimated as too high for large firms and too low for small firms given the

CAPM. On another note, Stattman (1980) and Rosenberg et al. (1985) found empirical evidence in

the U.S. market for a positive correlation of a firm’s stock return to its book-to-market equity ratio

(BTM). This value effect which similarly estimates too high betas for growth stock and too low

ones for value stock represents the second deficiency of the CAPM according to Fama & French (1992).

In conclusion, Fama & French (1992) found that these two effects can explain cross-sectional

variation in returns more efficiently resulting in their inclusion of the two additional factor portfolios

as specified in equation 1. These long-short mimicking factor portfolios are created based on the

anomaly of the positive excess returns of small compared to large and value compared to growth

firms. In the below specified equation the market risk is expressed by MRKT and generally approx-

imated by the excess return on a general market index. The size and value factors, SMB and HMB,

represent the excess returns of the long-short portfolios of small firms relative to large firms and

high book-to-market firms relative to low book-to-market firms respectively.

rit = αiT + βiTMRKTt + γiTSMBt + δiTHMLt (1)

The results of Fama & French (1992) show that if used alone, the market beta is not able to explain

a large proportion of the cross-sectional variations, which in turn justifies the integration of the two

additional factors. These factors, SMB and HML, and their negative and positive relationship with

returns respectively help to improve the explanatory power of the model while being robust to the
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inclusion of additional controlling factors.

Carhart’s 4-Factor Model

Building on the foundation of Jegadeesh & Titman (1993) and the one-year momentum effect,

Carhart (1997) attempts to explain the persistence in mutual fund performance by adding the price

momentum factor to the 3-factor model by Fama & French (1992). The relevant model specification

can be seen in equation 2. The factor of the price momentum, PMOM, represents the excess return

of past year’s winner stocks in relation to past year’s loser stocks in a long-short portfolio setup.

rit = αiT + βiTMRKTt + γiTSMBt + δiTHMLt + εiTPMOMt (2)

Looking at the 3-factor model of Fama & French (1992), Carhart (1997) find strong negative model

errors for the loser portfolios of the previous year, and positive errors for the winners. By means of

his constructed decile portfolios based on their lagged one-year return, he is not only able to provide

empirical evidence for the momentum effect, but also significantly improves these pricing errors by

including the additional factor. By doing so, he eventually explains most of the spread and patterns

in the portfolio.

The main purpose of his portfolio analysis is accordingly the attribution of excess returns to

specific factors within the model. Most of the spread in monthly returns between the highest and

lowest performing decile is hereby explained by the size and momentum factor with the latter ac-

counting for almost half. While the top decile portfolio seems to hold more small stocks and exhibits

a positive correlation, the opposite counts for the bottom decile. This systematic pattern when

moving from the highest to lowest decile helps explain the performance differences and additionally

emphasizes the economic importance of the price momentum factor. Correspondingly, an investment

strategy of going long in last year’s top decile and short in the bottom decile mutual fund, yields a

yearly return of 8%.

As the 4-factor approach has been widely tested globally, proving the existence of the value and

momentum premia and representing a source of outperformance, it has been established as a market

standard in asset pricing modelling. It is therefore reasonable to use it as a basis for the empirical
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structure of our thesis. Based on the investment strategies and their performance implications below

we will critically investigate the model and try to find deficiencies with respect to the pricing of ESG

information.

3.3 The Risk Dimension of ESG

Besides purely ethical and sustainable incentives of incorporating ESG measures into an investment

process, there is a broad range of investment strategies focusing on the financial materiality and

predictive power of ESG information regarding risk and return. Before describing different investment

strategies considered in this paper, we therefore explain how a firm’s risk and ESG exposure are related,

how we can measure it and through which channels it might impact portfolio returns. Following

that, we explain the theoretical foundation for our hypotheses and corresponding methodological

approach which will be further outlined in a later section.

3.3.1 Risk Assessment of ESG Exposures

Fundamental when developing a strategy of how to include ESG factors in your investment decisions,

is to assess the risk of a stock by considering its ESG exposure. This is especially interesting since

previous literature largely focused on the impact of ESG issues on returns rather than on risk.

As mentioned in section 2.4 on financial materiality of ESG information, there is a wide range of

situations in which negative ESG events have a material impact on firm value, even though the

timing and the quantitative extent of the issues might be uncertain. The main hypothesis is here

that if a firm is failing to manage its ESG exposure it is consequently exposed to this uncertainty

and consequently a higher risk level (Dunn et al., 2018).

Dunn et al. (2018) are in this context providing an empirical investigation on the potential link

between ESG exposures and risk measures leading to portfolio implications of ESG-informed investing

which is rather risk- than performance related. Based on MSCI data which assesses how much

exposure a company has towards ESG risks and how well it manages it, they empirically analyse the

connection between ESG exposure, traditional risk measures and contemporaneous risk forecasts.

Looking at the summary statistics comparing various characteristics of firms sorted into quintiles

based on ESG score, the first obvious relationship between ESG score and risk can be observed.
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Poor firms in the first ESG score quintile hereby reveal higher risk measures in the form of volatility

and beta in comparison to firms in the highest ESG quintile. In particular, the average firm in the

worst quintile has a total volatility of around 35% and a beta of 1.07 while the average firm in the

best scoring quintile exhibits 30% and 1.04 respectively. These findings translate into a consistent

pattern when comparing the time series of the two risk variables. Moving from the best to the worst

ESG score quintile resulting in a level shift of 15% for volatility and 3% for beta (Dunn et al., 2018).

Even though these patterns are consistent over time they are partially dependent on firm charac-

teristics (e.g. size) which in turn might mitigate the relationship between ESG scores and risk.

Smaller stocks hereby tend to reveal higher risk and higher beta but are at the same time associated

with a lower ESG score. To account for this bias, Dunn et al. (2018) run regressions incorporating

control variables for firm characteristics in order to measure the true correlation between ESG

scores and statistical risk. This confirms the strong correlation between ESG score and risk not

only with statistically significant coefficients, but also with large economic effects. In line with

previous results, the total risk, stock-specific volatility as well as the beta increases when moving

from the highest ESG scoring percentile to the lowest one. Furthermore, the relationship between

ESG scores and statistical risk remains significant and meaningful after controlling for firm charac-

teristics as well as the firm’s domicile and sector. The findings still reveal a high negative correlation

of risks with ESG score and increase the explanatory power of the regression model (Dunn et al., 2018).

Finally, the authors address the issues mentioned above regarding the timing uncertainty and

the difficulty of quantifying ESG risks over a longer time horizon. It is therefore difficult to reliably

estimate a rare "ESG event" and its impact with the data available. Instead though, Dunn et al.

(2018) test whether ESG data contains valuable information for future risks. They hereby use the

previously introduced risk measures, total and stock-specific volatility and the beta as dependent

variables and regress these measures on ESG scores 1-5 years back as well as the before mentioned

control variables on firm characteristics. The results presented in the paper show that ESG data

helps predict future risks 3-5 years ahead. Beyond this horizon measures reveal lower statistical

significance but still possess the right sign for the coefficient. Since the authors control for the

current risk model’s output (e.g. volatility or beta) the significant results for the ESG pillars can

be interpreted in favour of ESG as an additional risk factor which traditional risk models do not
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capture yet. While this analysis underlines the high informative value of ESG data and its predictive

power of future risks the economic impact of it is still modest. Looking at the difference in risk

moving from the highest to the lowest percentile, the discrepancy in ESG score only predicts an

increase of around 1%. This could on the one hand be traced back to the noise measured in the

ESG data and on the other hand to the short covered time horizon in the paper in which only a few

negative ESG events materialise.

Nevertheless, the findings confirm that, even though ESG is not the main driver of risk, it conveys

important information on current and future risk which is not accounted for in traditional risk

models (Dunn et al., 2018).

Supporting results for the relationship between ESG profiles and risk measures can be found

in the research by Verheyden et al. (2016) and Giese et al. (2019) who besides the traditional risk

measures of beta and volatility, further cover drawdowns and tail risks of the underlying stocks.

Verheyden et al. (2016), therefore, analyse the effects of an ESG screening applied to global indices

which removes their 10% and 25% of worst-ranked ESG firms. The result of this screening is

therefore a portfolio with a higher average ESG score relative to its unscreened benchmark thereby

allowing for a comparison of their risk measures. The risk measures used on a portfolio basis are the

volatility of returns, the maximum drawdowns, the 95% conditional value at risk (CVaR) and the

95% conditional drawdown at risk (Verheyden et al., 2016).

While the return volatility is a known risk measure, the others might need further explanation. The

maximum drawdown by definition measures the largest percentage loss a hypothetical investor could

have incurred if he would have invested at the recent peak and held it to the trough. Alternatively, it

can simply be expressed as the maximum difference between the portfolio’s cumulative performance

at any day and its previous maximum cumulative performance. It is as such a measure of the

portfolio’s downside risk. The CVaR conversely is a risk assessment that quantifies the amount of tail

risk a portfolio possesses by taking the weighted average of the losses in the tail of the distribution

beyond the value at risk cutoff point. The 95% CVaR therefore measures the expected monthly

return (loss) in the worst 5% of months. Similarly, the related measure of the conditional drawdown

at risk measures the average monthly drawdown during the worst 5% of months (Verheyden et al.,

2016). The results of the comparison of all of the risk measures across the screened and unscreened

portfolios exhibit consistently lower values for the ESG screened portfolios with findings being most
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significant in Europe and the U.S.

Furthermore, when investigating the downside and tail risks on the individual stock level by applying

the 3 σ tail risk measure to each stock’s daily returns, the authors find similar risk reducing effects

of ESG screening. The 3 σ tail risk describes the set of daily returns which are more than three

standard deviations away from the mean and therefore impose increased downside risk. In line with

the findings of the 95% CVaR tests the assessment on the individual level also shows slightly lower

standard deviations for the daily returns in the tails of the screened universes’ distribution. Moreover,

the tail of the unscreened portfolio is tilted towards negative returns more than the screened one,

reflecting a higher likelihood of experiencing negative daily returns. Correspondingly, the authors

conclude that the ESG screening of the portfolio reduces its downside risk therefore confirming the

positive impact of ESG scores on risk measures (Verheyden et al., 2016).

Similar results with respect to the idiosyncratic risk comparison between high and low ESG stocks

can be found in the study by (Giese et al., 2019). The authors are hereby investigating the differences

in the above mentioned risk measures for downside and tail risks across quintiles based on ESG

scores. In each of the parameter setups, testing different time periods and drawdown thresholds,

companies with a high ESG rating exhibit a significantly lower frequency of harmful ESG incidents

compared to poor ESG rating firms. This directly translates into systematically lower idiosyncratic

risk especially concerning the stock’s tail (Giese et al., 2019).

In sum, in all of the above covered studies a higher ESG profile was associated not only with

lower systematic risk in the form of beta but also with lower idiosyncratic risk represented by the

stock’s price volatility, maximum drawdowns or tail risks. Even though all of them reach the same

conclusion regarding the relationship between ESG scores and risks, the channels through which these

risk measures might impact valuations and stock performance are still ambiguous and conflicting.

The decreased systematic risks in the form of a lower beta, for example, translate into lower cost of

equity and accordingly lower cost of capital for a high-ranked ESG firm. In a discounted cashflow

framework this lower capital costs would result in a higher valuation and consequently a higher

share price of the firm. In contrast, other theories might argue that the higher risk of low ESG score

firms should be compensated with a risk premium in the form of higher returns. Similarly, also

higher tail and downside risks should require a risk premium. The next section will cover a few of

the possible implications of the risk dimension of ESG, building the foundation for the subsequently
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covered ESG investment strategies.

3.3.2 Performance Implications

There is an extensive range of literature covering the question of which performance implications

can be drawn from ESG matters and whether stock prices correctly and entirely reflect ESG risk

exposures. Some of the papers hereby estimate an underperformance of sustainable firms compared

to controversial ones while other papers project a positive relationship between the ESG score and

the stock performance of a firm.

A perspective on risks stemming from ESG incidents and their importance in relation to per-

formance and firm value is given by Glossner (2018). As the basis of his analysis he uses the

RepRisk score which ranges between 0 and 100 and reflects a company’s association with one or

more of the 28 negative ESG incidents. A RepRisk score of over 50 hereby classifies a company as

controversial which entails certain performance implications investigated below. The aforementioned

ESG incidents occur from a firm’s business practices and are often a result of unethical or illegal

corporate behavior. The impact of these events can either directly flow into firm value due to

large penalty fees and litigation costs or indirectly impact firm value by impairing a company’s

reputational capital (Glossner, 2018). Reputational capital describes an important intangible asset

of a company that is composed of a company’s economic as well as it’s social or ethical dimension.

A good corporate reputation resulting from comparative advantages in terms of products, services,

jobs or strategies allows a company to charge premium prices, attract high-skilled labour, improve

its access to capital markets or attract valuable shareholders. Having a good reputation with respect

to social or sustainable aspects further helps to increase stakeholder support, decrease downside

risks or even attract opportunities for future growth (Glossner, 2018). This is also closely related to

the concept of corporate social responsibility (CSR) which refers to a firm’s responsibility to society

in form of economic and legal but also ethical and philanthropic factors. It is hereby assumed by the

author that weak CSR is one of the components triggering negative ESG incidents thus implying

an inferior performance compared to firms with better CSR. Poor CSR is according to Glossner

(2018) mostly a result of short-terminism of firm managers or financing restrictions. Reducing costs

through e.g. lower environmental standards might then indeed increase short-term profits but also
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increases the long-term risk of ESG incidents with detrimental effects.

The main analysis of the paper of Glossner (2018) focuses on the impact of exactly these ESG

incidents on a firm’s stock return which is observed prior to and during the ESG event occurrence.

The ESG event is hereby measured by a positive change in the RepRisk index above a certain

threshold for severity. By means of a 4-factor Carhart (1997) model and the corresponding 48

industry portfolios by Fama and French (1997) Glossner (2018) estimates the pre-event coefficients

which cover a window of 299 to 50 trading days. These estimates are then used to calculate the

event’s cumulative abnormal return (CAR) during the event window of 21 (to 31) trading days.

The results in the paper show that, as expected, all tested ESG incidents with different increases

in RepRisk are associated with negative CARs, all significant on the 1% level. In the case of an

RepRisk increase of more than 10 points this would translate into a negative CAR of 0.4% (Glossner,

2018). For an average firm in the RepRisk data sample this would amount to a loss in shareholder

value of around USD 37.6 million since the average market capitalization within the RepRisk sample

is around USD 9.4 billion. In case of an ESG incident increasing the RepRisk by over 30 points the

aforementioned loss for shareholders would increase to USD 210.8 million. These results stress the

severity of ESG incidents and quantify their strong negative impact on shareholder value (Glossner,

2018).

Following these findings Glossner (2018) goes one step further and investigates whether stock

markets are able to correctly integrate the increased risks from ESG incidents into the pricing

mechanism. He therefore studies the long-term returns of a portfolio of controversial U.S. stocks that

are associated with a many and/or severe ESG incidents and therefore have a two-year peak RepRisk

Index of above 50. Since ESG incidents and risks are assumed to be of long-term nature, meaning

they do not materialise over a short timeframe, it seems reasonable that the author measures the

risk index as well as rebalances the portfolio every two years (Glossner, 2018).

For the analysis to capture the impact of ESG risks on long-term stock returns dissociated with

other risk factors, Glossner (2018) estimates the excess portfolio return by means of the Carhart

4-factor model described in section 3.2 which controls for four known risk exposures. The portfolio’s

α hereby describes the abnormal risk-adjusted return which can not be explained by one of the four

risk factors and is according to Glossner (2018) therefore attributable to the company’s ESG risks.
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The result of the regression reveals a negative annual alpha of around -3.5% on a 1% significance

level indicating that the U.S. portfolio of controversial firms largely underperforms it benchmarks.

These findings are robust to risk factors, industries and firm characteristics which suggests a causal

relationship between the ESG risk exposures and long-term stock returns (Glossner, 2018).

According to Glossner (2018) the negative abnormal returns are traceable back to the inabil-

ity of the stock markets to fully incorporate ESG information leading to the mispricing of firms

associated with large ESG risk exposure. This clearly violates the efficient market hypothesis and

explains why controversial firms might be overvalued by the market. Besides the short-sightedness

of investors who are ignoring long-term financial risks in relation to ESG, Glossner (2018) stresses

the mispricing of a firm’s intangible assets and the market’s underestimation especially of the above

described reputational capital. The negative abnormal returns resulting from this mispricing can be

broken down to two channels: First, investors and markets seems unable to simply trade on ESG

risks which are difficult to quantify. Instead they react to tangible outcomes from ESG incidents

so that they are negatively surprised by new or recurring ESG incidents even though the company

revealed a high ESG risk. This channel accounts for -1.08% of the underperformance per year

representing around one-third of the impact. Secondly, reputational losses from ESG incidents have

significant negative impact on supplier contract, employees’ motivation and productivity or customer

trust. Since these consequences might not necessarily become public but will most likely result in

lower earnings in the future, analysts might overestimate a company’s future profits. Based on this

markets will be surprised by the negative earnings announcement which in turn leads to negative

abnormal returns. This second channel explains around -1.72% per year therefore accounting for

around half of the estimated alpha of -3.5% (Glossner, 2018).

In contrast to the view of Glossner (2018) and many other authors, a range of studies predicts

different results regarding the performance of low ESG score or controversial firms. By analysing

"sin" stocks and their investment environment, Hong & Kacperczyk (2009) are providing evidence

for the effect of social norms in a novel setting of the stock market. In particular, they are studying

the financial performance and investment implications thereby supporting the opposing view to

Glossner (2018) due to their prediction of higher expected returns of sin stocks. The stock market

hereby provides a unique and valuable data set concerning the effect of social norms which allows
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the authors to analyse not only stock pricing but also investor and firm behavior. Based on the

data set utilised which covers the period from 1976 to 2006 Hong & Kacperczyk (2009) are able to

empirically support their predictions outlined below.

Due to the higher awareness in society for ESG matters, financial markets revealed an increasing

tendency to investing in stocks according to a societal norm. This development does not only

have consequences for sustainable high score ESG stocks but also for the opposite, the sin stocks

represented by the alcohol, tobacco and gambling industry. In this relationship it is especially

interesting to look at the clientele engaged in responsible investing. Since institutions such as pension

funds, universities or banks have a high exposure to public scrutiny and resulting social norm pressure

their investment pool is restricted to non-sin stocks only. Consequently, the proportion of shares

in sin stocks held by institutional investors should be smaller compared to other investor classes.

Statistics from the Social Investment Forum hereby estimate that roughly 12% per year of total

assets under management undergo a social screening process supporting the statement above. Hong

& Kacperczyk (2009) further predict less analyst coverage for financial reports and valuations of sin

stocks since analysts tend to cater to the needs of institutional investors. In fact, they find only 23%

institutional ownership for sin stocks which is approximately 18% less in comparison to normal stocks

with a institutional ownership share of 28%. Similarly, the coverage per firm is with 1.3 analysts

for sin stocks significantly lower in relation to 1.7 analysts for normal stocks. In addition, Hong &

Kacperczyk (2009) also control for the investment share of mutual funds, hedge funds and individual

investment advisors in sin companies which are known for being arbitrageurs in the market. Accord-

ing to the underlying data, this class of investors does not invest less in sin stock companies providing

evidence for the hypothesis of social norm pressure on public institutions (Hong & Kacperczyk, 2009).

With respect to the performance of sin stocks, Hong & Kacperczyk (2009) consider the Mer-

ton (1987) model on neglected stocks as a basis for interpretation. According to Merton (1987) there

are two reasons why sin stocks might be priced cheaper and therefore outperform comparable peers

even after taking traditional risk factors and other performance predictors into account. First, since

institutional investors screen sin stocks out of their portfolio their stock price will be fundamentally

lower than their actual value. This price depression can be traced back to the limited risk sharing of

these stocks which in turn leads to higher expected returns (Merton, 1987). Second, resulting from

the neglection of sin stocks and the limited risk sharing, Merton proves that the CAPM no longer
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holds since it only accounts for systematic risk in form of beta. However, when pricing sin stocks,

it is important to account for idiosyncratic risk due to sin stock’s high litigation risks which are

further enhanced by societal norms. In addition to these factors leading to an undervaluation of sin

stocks in the market, sin stocks often have other advantages such as decent dividends or conservative

accounting measures which further justify their good performance (Hong & Kacperczyk, 2009).

Hong & Kacperczyk (2009) test these predictions regarding sin stock’s performance using a time-series

regression with data covering the period from 1965 to 2006. They hereby create a portfolio which goes

long the sin stocks and short in their comparables and analyse its monthly performance by means of

the Carhart (1997) 4-factor model. The result of this regression reveals a monthly outperformance

of 26 basis points of the long-short strategy in sin stocks. In a subsequent cross-sectional analysis

functioning as a robustness check and controlling for firm characteristics such as book-to-market

ratio or size, Hong & Kacperczyk (2009) even find an outperformance of 29 basis points of sin stocks.

Both of these findings are economically large and highly statistically significant underlining the

sizeable financial benefit of investing in sin stocks. Moreover, comparing sin stocks’ valuation ratios

(e.g. the book-to-market ratio) to peers from non-sin industries while controlling for various firm

characteristics reveals lower valuation ratios of sin stock of 15-20%. Translating these valuation

ratios into excess returns via a Gordon Growth Model calibration eventually yields an annual

outperformance of sin stocks of around 2% (Hong & Kacperczyk, 2009).

Similar views on the performance of sin stocks can be found in literature of other authors such

as Blitz & Fabozzi (2017). Their analysis is based on the widespread hypothesis that sin stocks

are systematically underpriced due to their reputational risk to investors which thus should be

compensated with a risk premium. By means of a Fama French 5-factor model they however find

no evidence for a risk premium associated with sin stocks but instead a strong correlation of their

performance with the last two Fama French factors, profitability and investments (Blitz & Fabozzi,

2017). A similar result on the outperformance of sin stocks can be found in an earlier paper by

Fabozzi et al. (2008). The authors hereby argue that institutional investment policies, that neglect

sin stocks due to social common standards, should be reconsidered since their economic consequences

and performance implications might be costs that are not worth upholding (Fabozzi et al., 2008).

Clearly, this is a consideration that, if applied not only to sin stocks but similar contexts of responsible

investing and sustainability, would have a destructive power in our society and our entire environment.
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After reading these paragraphs on risk exposure and performance of high ranked ESG stocks,

controversial firms as well as sin stocks it becomes apparent that there is no conclusion on whether

sustainable investing is performance enhancing or if controversial firms bear too much reputational

and operational risk requiring a return premium for investors. Furthermore, sin or controversial

stocks which are screened and neglected during the investment process of some investor classes

seem to be systematically undervalued therefore suggesting superior returns. In the next section

we will under consideration of these findings introduce several different approaches to integrating

ESG information into the investment process. While some of the strategies involve using the ESG

score as a screening tool others are using them as analytical basis to develop new factors indicating

a potential outperformance and alpha creation.

3.4 ESG Investment Strategies

While the common method of portfolio creation with ESG integration was the positive and negative

screening of sustainable and controversial firms based on their ESG score, strategies like the tilt

or momentum strategy introduced a new, more analytical approach of using and modifying the

ESG score. The latter two strategies which are initially developed by MSCI, the source of the ESG

data used in this paper, recently receive increasing attention due to their suggested generation of

significant outperformance. Both of these strategies rely on a connection between ESG score and

future stock returns and aim to generate α by allowing for larger active weights and thus more risk.

Even though both of these strategies strive for the same goal of outperformance, they implicitly

target different time horizons. While the ESG momentum strategy is rather short-term in nature,

the ESG tilt strategy aims to influence the portfolio’s performance through various channels over

the long run. On a another note, the upcoming section explains a novel approach referring to the

ESG-Sharpe Ratio Efficient Frontier. This frontier by Pedersen et al. (2019) introduces a trade-off

between the ESG profile and the Sharpe Ratio of a portfolio and uses ESG scores for updating an

investor’s information set for the portfolio selection process.

Besides giving an overview of existing ESG investment strategies the subsequent paragraphs serve

as a foundation to the theoretical approach applied in this thesis.
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3.4.1 ESG Screening Strategy

The term of negative screening in connection to ESG investing refers to the approach of using ESG

as a screening tool for the stock universe considered in the portfolio construction. The approach is

similar to the previously introduced screening of sin stocks but instead removes the worst-in-class

stocks solely based on their ESG score instead of their industry classification. By construction

this strategy mainly aims to increase a portfolio’s average ESG profile possibly to the detriment

of the financial performance. As many studies confirm, the impact of this screening on portfolio

performance with respect to its benchmark is slightly negative making incentives rather ethical and

sustainable than financial.

As one of the examples, Bender et al. (2018) describes the integration of ESG data into act-

ive quantitative and fundamental equity strategies as well as passively managed indexed portfolios.

For the latter the approach of using negative screening is quite common since it systematically

improves the portfolio’s ESG profile while keeping the advantages of passive indexing. The in the

paper mentioned Screened and Cap Weighted Equity Core Beta strategy screens the investment

universe and removes the worst 10% of stock according to their ESG score or some other target

metric. The remaining stocks are market capitalisation weighted yielding a final portfolio which

should similar to an indexed portfolio be broad, liquid and diversified unless a significant part of the

stock universe was removed during the screening process. The result of this process is a portfolio that

underperforms its benchmark index the MSCI World by 0.4 basis points or 0.004%. While this is of

course not a pleasing result for every investor, it is a reasonable price to pay for the improvement in

the portfolio’s ESG profile (Bender et al., 2018).

Despite the paper of Bender et al. (2018) there is literature with contradicting results regarding the

performance of negative screening strategies. The paper by Glossner (2018) covered in section 3.3.2

finds that the exclusion of controversial or weak CSR firms positively impacts investment performance.

Since Glossner (2018) finds evidence for negative abnormal stock returns of controversial firms which

arise from their high risk of recurring ESG incidents and negative earnings surprises, removing them

from a portfolio makes a positive contribution to its overall performance (Glossner, 2018).

Similar results predicting performance enhancing impact of ESG screenings are provided by Verhey-

den et al. (2016) who test the hypothesis on a basis of four different investment universes. These
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four investment universes, comprised of different combinations of developed and emerging market

stocks, are each separately screened for the 10% and 25% worst-ranked ESG companies. In a second

step the remaining firms in the four portfolios undergo a further screening filter in which they

are checked for compliance with the ten principles of the Global Compact issued by the United

Nations. The performance of the resulting four portfolios is in three out of four cases superior

compared to the unscreened benchmark over the investment horizon. In particular, Verheyden et al.

(2016) measure an increased annual performance of 0.16% on average induced by the ESG screening.

Further comparing the risk levels of these portfolios on the basis of volatility, drawdowns, CVaR

and tail risks yields significantly lower values for the screened compared to the unscreened universe.

Overall, these finding therefore suggest an improvement in the portfolio’s risk-adjusted excess return

that more than offsets the often discussed loss of diversification due to ESG screening (Verheyden

et al., 2016).

Since all of the covered papers differ slightly in their results concerning the performance im-

plication of ESG screening, it seems that investors need to find a screening approach which is best

integrable into their existing investment strategy. One of the key dimensions to consider is hereby

the investment horizon which might differ substantially between investors depending on the nature

of their value drivers. As Starks et al. (2017) show in their paper, funds with a higher allocation

towards higher ESG score firms tend to have a longer investment horizon based on the hypothesis

that their advantages materialise over the long run. The presented screening strategies might

therefore be appropriate for investors with a long-term value consideration and rather unsuitable

for a short-term momentum-oriented investor. It is therefore crucial for investors to find and adapt

an ESG integration strategy which complements their existing strategy and is compatible with the

primary investment goals and horizon (Bender et al., 2018).

3.4.2 The ESG Efficient Frontier

A rather unique and new approach within the ESG investment space is done by Pedersen et al. (2019)

who are creating an ESG efficient frontier which summarises the trade-off between risk, expected

return and ESG. While a range of research is predicting a positive impact of integrating ESG into the

investment process other papers argue that ESG hurts performance. By developing a model which
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allows for both scenarios Pedersen et al. (2019) are serving the need for a theoretical framework

which provides flexibility in outcomes and thereby closes the gap between the controversial relation

of ESG risks to returns. This model gives investors guidance on how to integrate ESG information

into their portfolio choice.

Considering the traditional mean-variance model developed by Markowitz (1952) which repres-

ents a cornerstone of modern portfolio theory investors maximise their portfolio return for a given

level of risk or minimise their risk for a fixed return. The result of this portfolio optimisation problem

is the Markowitz (1952) efficient frontier which depicts the best combinations of the maximum

return while retaining the lowest possible risk. A rationale investor will consequently always choose

a portfolio on this frontier since all portfolios below the frontier yield a lower return with the same

level of risk and all portfolios to the right yield the same return for a higher level of risk (Markowitz,

1952). Applying the same framework to the investment process incorporating ESG considerations

yields a new efficient frontier which does not only trade-off risk and return but also accounts for ESG

scores. Specifically, the frontier displays the highest attainable Sharpe Ratio for every possible ESG

score therefore yielding the ’ESG-SR efficient frontier’ (Pedersen et al., 2019). As we can see in

Appendix II the frontier is hump shaped. The intention behind this can easily be explained with the

standard Markowitz (1952) efficient frontier. According to the mean-variance analysis, the tangency

portfolio possesses the highest attainable Sharpe Ratio among all portfolios. The tangency portfolio

together with its ESG score must thus represent the peak of the ESG-SR efficient frontier. The

tangency portfolio which does not account for ESG information is as depicted below this frontier

since it ignores valuable considerations in the portfolio construction. Furthermore, if we move along

the curve it is apparent that a restriction of portfolios with respect to their ESG score will even-

tually yield a lower maximum Sharpe Ratio than of the ESG tangency portfolio (Pedersen et al., 2019).

The foundation of the model of Pedersen et al. (2019) is built on the assumption of three types

of investors: The type U, type A and type M investor. The type U investor is hereby unaware of

ESG scores and maximises his unconditional mean-variance utility delivering the same solution as

under the traditional Markowitz (1952) theory. Consequently, type U investor chooses the tangency

portfolio that ignores ESG information and therefore ends up below the ESG-efficient frontier with

a lower Sharpe Ratio. Similarly, type A investor also possesses mean-variance preferences when
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it comes to portfolio choice. In contrast to U though, investor A updates his views with respect

to ESG risk and return implications since he is aware of the informational value of ESG scores.

He primarily uses ESG data to create a better forecast of returns but does apart from that not

have any non-financial preference for ESG. He might therefore lean towards higher ESG scores but

only to the extent that helps him improve his investment performance. The results of his portfolio

choice is consequently the ESG tangency portfolio which yields the highest possible Sharpe Ratio

(Pedersen et al., 2019). The motivated investor type M, however, shows a preference for a high

Sharpe Ratio as well as a high ESG score. As a result he is seeking the optimal trade-off between

low risk, high returns and high average ESG scores. This trade-off of the three components in the

investor’s maximisation problem can be narrowed down to a simple trade-off between ESG and the

risk-adjusted return. Looking at Appendix II again, type M investor will choose a portfolio which

lies to the right of the ESG tangency portfolio giving up part of his Sharpe Ratio to satisfy his

preference for a higher ESG score. This part of the frontier is called the ESG-efficient frontier since

it favors higher ESG scores. The choice of portfolio of investor M is accordingly the tangency point

of this ESG-efficient frontier and his indifference curves which are due to the trade-off between high

Sharpe Ratio and high ESG score downward sloping. The resulting portfolio might in the end even

reach a Sharpe Ratio below the one of type U (Pedersen et al., 2019).

Testing the model empirically sheds light on the cost and benefits of ESG investing and illus-

trates the economic trade-offs perceived by investors within the given framework. Comparing the

portfolio choice of investor type U and A on the one hand, the Sharpe Ratio of the ESG tangency

portfolio chosen by A is about 12% higher than the one of U’s tangency portfolio ignoring ESG

information. This increase in Sharpe Ratio can be interpreted as the benefits from integrating ESG

information into the investor’s decision making. On the other hand the costs of having non-financial

ESG preferences in the case of the type M investor means trading-off a higher ESG score for a

lower Sharpe Ratio of around 3%. In conclusion, the generation of the ESG-SR efficient frontier

actively integrates ESG data into portfolio construction rather than just using it as a screening

tool. Pedersen et al. (2019) even discovered that screening for and excluding the worst ESG scoring

firms detrimentally constraints the investment choice in terms of attainable maximum Sharpe Ratio.

When removing the lowest ESG from the portfolio choice the resulting tangency portfolio might even

end up with a lower ESG score. This might be due to the fact that unconstrained investors utilise
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poor-ESG firms to finance larger high ESG-assets or to hedge out their risks (Pedersen et al., 2019).

In particular, an investor excluding the worst 10% of firms faces a reduction in the Sharpe Ratio of

his portfolio of 5% and thereby a lower expected return. The frontier of an unconstrained investor

thus always dominates the one of a restricted one (Pedersen et al., 2019). While this result stands

in contrast to Glossner (2018) and Verheyden et al. (2016) who predict performance enhancing

screening effects the model of Pedersen et al. (2019) provides a flexibility in outcomes due to different

types of investors closing the gap of the controversial relationship between ESG, risk and return.

3.4.3 ESG Tilt Strategy

One of the strategies introduced by MSCI itself is the ESG Tilt strategy which is aiming to improve

a portfolio’s ESG profile by tilting weight towards better rated companies while minimising the

portfolio’s active risk. In contrast to previous research papers by MSCI this paper by Nagy et al.

(2015) builds up on the assumption that ESG data signals the potential to outperformance or the

generation of alpha. In the portfolio construction process this implies in turn higher risk strategies

with larger active weights. This allowance for higher risk might in turn reveal further relationships

of ESG scores with other equity factors which increase the explanatory power of the model (Nagy

et al., 2015).

The foundation and driver of the outperformance of this strategy is the assumed positive interrelation

between ESG score and future stock performance. As previously discussed in section 3.3, companies

that consider ESG factors in their operations are, despite some opposing views, facing lower risks

and financial costs with respect to fines, litigation or labor disputes resulting from ESG incidents.

Potential comparative advantages, such as the employment of clean technologies, arising from these

ESG considerations are hereby expected to be performance enhancing over the long-run explaining

the longer time horizon of this strategy (Nagy et al., 2015).

As the investment universe and benchmark Nagy et al. (2015) rely on the MSCI World Index

creating a global setting with a diverse set of companies. Furthermore, portfolio construction as well

as risk and return attribution is done by means of the Barra Global Equity Model (GEM3) which is

used in most MSCI research papers. With respect to the portfolio construction the authors decided

to impose mild constraints of capping certain tilt bounds which have the purpose of avoiding highly
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concentrated portfolios.

An important feature of the strategy, however, is the high limit of active risk which eventually

is reflected in the difference between the portfolio’s and the benchmark’s return and a result of

the investor’s effort to outperform the benchmark index. By allowing such a high active risk the

authors are not only able to capture the superior return associated with higher ESG scores but

also to explain their interaction with other systematic factors in the risk model (Nagy et al., 2015).

Looking at the high-level breakdown of risk and return shown in the paper it becomes apparent that

most of the portfolio’s active risk (90%) stems from idiosyncratic sources keeping systematic risk

minimal. Translating this risk breakdown into returns though, the contribution from stock-specific

sources to the yearly active outperformance of 1.06% is with approximately 40% not nearly as high

as its share in total active risk. This in turn also implies that the ESG-related contribution to

returns which is integrated in stock-specific sources is lower than expected from its risk contribution.

Other important return contributors are instead style factors with 72%, followed by country together

with currency tilts with 18% and industry tilts with 8%. Industry tilts evidently have the lowest

contribution to the active return as most of their impact is already reflected in the industry-adjusted

ESG score (Nagy et al., 2015).

In contrast, systematic tilts such as style factors seem to provide a large and consistent con-

tribution to the positive outperformance especially considering the time period after 2012. According

to MSCI’s Barra Risk Model these style factors can be further subdivided into factor exposures

which reveal significant stock characteristics associated with the ESG tilted portfolio. The results of

breaking down the individual exposures of the style factor show that tilting the portfolio towards high

ESG assets leads to a bias of factor exposures. In particular, the portfolio is biased towards mid-cap

stocks, lower idiosyncratic volatility stocks and stocks with a negative exposure towards earnings

yield. The latter two factor exposures hereby stayed relatively stable over the observed period with

consistent negative exposure towards residual volatility and earnings yield. With respect to size the

pattern changes throughout the investment period with decreasing exposure towards size and increas-

ing towards mid-cap. According to Nagy et al. (2015) this on the one hand a result of the increasing

ESG effort among mid-cap firms catching up with the larger companies in the MSCI World index. On

the other hand large-cap firms always have been the center of attention of ESG issues putting larger

regulatory pressure on them and mitigating their ratings in the period. Furthermore, the MSCI ESG
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ratings model steadily improved its methodology over the past years trying to offset the disclosure

bias created by the tendency of large cap companies to disclose more ESG information. All these

efforts as well as the development of the size factor exposures prove that the ratings become more

effective in correcting the market-cap bias we observe in the ESG scores in general (Nagy et al., 2015).

Considering the entire investment horizon from 2007 to 2015 covered in the paper the ESG Tilt

strategy generates a cumulative outperformance of 12% compared to its benchmark the MSCI World

Index. As discussed in the previous paragraph a significant portion of that outperformance can be

attributed to stock-specific factors which indirectly refer to ESG information. Additionally, Nagy

et al. (2015) found significant systematic contributions which in turn revealed tilts within the created

ESG tilt portfolios towards mid-cap, low volatility and lower value stocks. All these findings carry

important implications for investors since they suggest an integration of the ESG tilt strategy into

existing investment processes which systematically improves the ESG profile of the portfolio but

simultaneously still generates outperformance (Nagy et al., 2015).

As J.P. Morgan Asset Management stated in one of the insight and research articles, they use

ESG Tilt strategies to enhance portfolio performance through lower drawdowns, reduced volatility

and even higher risk-adjusted returns. Furthermore, they stress that ESG scores are additive to

traditional credit ratings which do not cover all risks associated with ESG incidents (J.P. Morgan

Asset Management, 2019).

3.4.4 ESG Momentum Strategy

Another strategy introduced by the MSCI Research Insight is the so-called ESG Momentum strategy

which similarly tries to generate outperformance in form of alpha but based on the link between the

change in ESG score and future stock returns (Giese & Nagy, 2018). Thus, unlike the ESG Tilt

strategy, the ESG Momentum strategy does not tilt towards higher ESG scores but overweights

companies within the portfolio that have improved their rating over the past 12 months. It is accord-

ingly based on the assumption that an improvement in the ESG score signals a better management

of ESG-related risks which reduces potential future litigation costs that are quickly discounted

and priced by market participants(Nagy et al., 2015). By definition this strategy is therefore more

short-term oriented since it reacts to the trend in rating development instead of relying on the
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materialisation of advantages of better rated firms. This in turn also implies that the resulting

portfolio from the ESG Momentum strategy is not intended to improve the existing ESG profile since

the largest increase in rating is not necessarily associated with the highest rated stocks. Improving

the ESG profile of a portfolio is one of the main intentions of the ESG Tilt strategy and thereby

constitutes one of the key differences between the two strategies (Nagy et al., 2015). Except for

this difference in the source of alpha, the setup with respect portfolio construction and the imposed

constraints is identical. Naturally the ESG Momentum strategy covers one year less than the Tilt

strategy since the first year of the sample is used for the construction of the Momentum factor (Nagy

et al., 2015). The ESG Momentum factor itself, reflecting the financial value of the change in a

company’s ESG profile, is estimated by MSCI as a simple year-on-year change of the MSCI ESG

score (Giese & Nagy, 2018).

Just like for the ESG Tilt strategy, the initial MSCI research paper by Nagy et al. (2015) cre-

ates a decomposition of active risk and return of the created strategic portfolio to analyse its factor

exposures and sources of outperformance. Similar to the results of the breakdown of risk factors

of the ESG Tilt strategy, the highest contribution of active risk for the ESG Momentum strategy

stems with 80% from stock-specific sources albeit to a less extent. With respect to the estimated

active annual return of 2.2% relative to the MSCI World Index, the contribution from stock-specific

factors is with approximately 60% larger compared to the ESG Tilt strategy. These idiosyncratic

sources are especially predominating in the first part of the investment horizon. In later years of

the data sample, however, systematic factors such as industry and style factors gained importance,

delivering a consistent contribution to the outperformance (Nagy et al., 2015).

Again, these style factors can be further broken down to individual factor exposures to investigate

their contribution to active performance. Hereby the authors particularly stress the tilt towards

price momentum stocks which indicates that companies with a positive development of their ESG

profile also tend to perform well. The ESG Momentum strategy therefore seems to capture some

of the outperformance related to the price momentum factor. Furthermore, a similar pattern

compared to the ESG tilt strategy of overweighting mid-cap stocks can be observed, presumably

due to the same reasons (Nagy et al., 2015). The positive contribution from industry factors to

the overall outperformance can to the largest extent be traced back to the effect of underweighting

low momentum firms which at the same time were financially performing poorly. This applies
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in particular to the Energy and Materials sector that substantially underperformed during the

sample period and whose ESG scores were downgraded disproportionally (Nagy et al., 2015). This

development of ESG profiles seems plausible since both of these sectors belong to the most con-

troversial and responsive ones with respect to ESG matters. As their sub-industries consist of the

major oil and gas conglomerates as well as the Steel and Aluminium industry which are all highly

dependent on hydrocarbon assets, the systematic improvement of a company’s ESG is particularly

difficult. In the end this underweight induced by the momentum strategy paired with the underper-

formance of these sectors resulted in a positive contribution to overall performance (Nagy et al., 2015).

While this paper by Nagy et al. (2015) only superficially describes the strategy and its decomposition

of risk and return, a subsequent paper by MSCI which solely focuses on the ESG Momentum strategy

investigates the performance on a deeper level. Giese & Nagy (2018) hereby simulate the performance

of a hypothetical monthly rebalanced investment strategy of going long in the upper and short in

the lower quintile of calculated ESG Momentum factors. Correspondingly, firms are sorted into one

of the quintiles based on their ESG Momentum on a monthly basis yielding a long-short portfolio

which by construction allows to control for market movements. Analysing the performance of the

created long-short portfolios yields a cumulative outperformance of 12% for the developed markets

and 14% for the emerging markets. Considering the shorter sample period of the emerging markets

portfolio this results is even more prominent and might suggest a lack of the integration of ESG

information into pricing in emerging markets (Nagy et al., 2015).

In addition to the performance analysis Giese & Nagy (2018) construct an ESG valuation curve

estimating the ESG Momentum effect on a company’s valuation conditional on its initial ESG

score. This valuation curve implicitly measures the historical performance of the long-short portfolio

separately for three tertiles based on ESG score. It thereby aims to compare the ESG Momentum’s

implication for company valuations and stock performance depending on the firm’s degree of sustain-

ability. By rerunning the analysis for the long-short portfolio for every ESG tertile we can observe

the strongest performance for the middle range of ESG scores. Since the average ESG Momentum

as well as the realized volatility are approximately the same across all three tertiles the strong

performance of the middle one cannot be traced back to up- or downgrades in scores nor to an

increased level of risk. The results simply suggest a non-linear link between the MSCI ESG scores and

the valuation where valuations and therefore performance reacts stronger in the middle range of ini-
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tial ESG scores (steep curve) compared to the tails of the ESG scale (flat curve) (Giese & Nagy, 2018).

In conclusion the analysis historically tests the economic impact of changes in ESG scores on

equity prices by means of the valuation curve. As seen in the results, a positive change in the

ESG profile of a company is hereby associated with an increase in valuation and therefore in stock

price while a negative development of the ESG profile induces a downgrade to lower valuation and

performance. The degree of impact this ESG Momentum has on stock prices is especially significant

in the middle range of initial ESG scores and rather flat for the top and bottom ends of the ESG

scale. Since none of these effects can be traced back to general market or equity factors of traditional

risk and pricing models, the ESG Momentum seems to have a causal relation to stock performance

adding new insight to the market’s pricing mechanism (Giese & Nagy, 2018). Given the novelty of

the approach and the limited research and backtesting of the theory aside from MSCI, the ESG

momentum strategy is not widely used in investment processes.

3.5 Approach and Hypotheses of this Thesis

Under consideration of the before covered literature and findings, we developed our hypotheses about

the integration of ESG data into the investment process and its impact on performance. Based

on these hypotheses we then developed our methodology and empirical approach, covered in the

remainder of this thesis. By means of our analysis we are aiming to uncover current weaknesses in

pricing mechanisms of financial markets concerning ESG risks and contribute new methods for the

ESG integration.

In a first step of our analysis we are assessing the risk of firms in relation to their ESG pro-

file based on our own data sample. In line with the findings of Dunn et al. (2018), Verheyden et al.

(2016) and Giese et al. (2019), we do as well believe that a company with a poor management of its

ESG risk exposure, and thus with a low ESG score, also inherits higher statistical risk measures

of its equity. By systematically impacting the risk profile of a firm, it is therefore evident that

ESG data has an impact on a firm’s stock performance, making ESG information essential for

the investment process beyond their ethical considerations (Dunn et al., 2018). Establishing this

systematic relationship between the ESG profile and the systematic and idiosyncratic risk of the
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firm consequently builds the foundation of our analysis and justifies the integration of ESG data

into the investment decision process. Beyond the risk assessment of our data set, conditional on

the ESG score, we decided to focus on the ESG Momentum strategy as our preferred investment

approach. As it appears as the most profitable, but at the same time the least covered investment

approach in current literature, it serves as an interesting foundation for a range of analysis and for

further research. While the novelty of the strategy on the one hand allows us to experiment with

our methodology, it on the other hand lacks constructive guidelines or comparison to other approaches.

In the subsequent sections of this paper we will construct, analyse and critically discuss the

ESG Momentum factor and its integration into equity models and investment strategies. The

construction of the factor is hereby based on the above presented paper by MSCI ESG Research

(2019) who first introduced the factor. By applying a slightly different construction method which is

more similar to the construction of the stock momentum factor we are hereby critically scrutinising

the approach of Giese & Nagy (2018) and opening up new perspectives. After constructing the

ESG Momentum factor we investigate its relation to other risk and equity factors, as well as its

performance implications by sorting firms into groups of high and low ESG Momentum. Regarding

the performance implications of the ESG Momentum, our hypothesis is in line with the findings of

Giese & Nagy (2018). Accordingly, we are predicting a significant outperformance of a portfolio

containing firms with the highest ESG Momentum which thus improved their ESG profile most in

the past, compared to its counterpart consisting of firms from the lowest ESG Momentum quintile.

Based on this hypothesis regarding the connection between the change in a company’s ESG profile

and its stock performance, we develop a strategy of using the ESG Momentum as an additional

explanatory variable in a factor investing framework. In a first step we therefore need to detect the

anomaly associated with the ESG Momentum factor which cannot be explained by traditional model

factors and therefore justifies the integration of our additional factor. We are therefore dividing our

data into quintile portfolios based on our constructed ESG Momentum factor and regress them on

the four Carhart (1997) factors. In line with our hypothesis, we are hereby expecting a positive

abnormal return in form of alpha for the highest quintile portfolio, while a negative one for the

lowest quintile portfolio.

Based on this anomaly in returns associated with the ESG Momentum, we are extending the 4-factor
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Carhart (1997) framework by our additional ESG Momentum factor, adding explanatory power to

the model. Furthermore, the setup of our regression with decile portfolios based on performance will

enable us to measure the ESG Momentum factor’s contribution to explaining return differences in

the portfolios. Similar to the stock momentum, we are hereby expecting a monotonous increasing

pattern in factor loadings, indicating an higher concentration of high ESG Momentum firms in well

performing portfolios and of low ESG Momentum firms in poorly performing ones.

By further breaking down ESG to the three pillars and relating them to the sectors they are

most material for we are providing further insight into the dimension of ESG and the difference

in contribution of each pillar. In line with the findings of Khan et al. (2016), we are predicting

a significant positive impact on performance by a change in the sector’s material pillar, while a

negative or insignificant one for a change in the immaterial ones. This would not only prove the

dissimilar impact of the three pillars on performance but also justify a customisation of ESG efforts

to business context and industries (Jitmaneeroj, 2016).

Based on the literature covered in the paragraphs above, we believe that financial markets fail

to fully incorporate ESG information and misprice firms by ignoring valuable ESG information.

Consequently, our hypothesis is that the above developed strategy of portfolio construction based on

the ESG Momentum will generate an anomaly of high ESG Momentum firms outperforming low

ones which cannot be explained by the factors in the traditional asset pricing models such as the

Carhart (1997) 4-factor model. In response to this lack of explanatory power of the Fama French

models and its extensions, we develop an additional factor based on the ESG Momentum. We will

then integrate this factor into the model to account for this unexplained outperformance in form of

alpha.

In the course of this investigation of our research question we will focus solely on the two most

mature and ESG aware markets, Europe and the U.S., to avoid biases with respect to geographical

differences. Furthermore, the comparison between the U.S. and Europe might yield substantially

different results and entail relevant implications for the use of ESG data (Bank of America, 2019a).

A detailed approach and the data used for the analysis will be further outlined in section 4 and 5

under consideration of these hypotheses.

Page 45 of 104



4 Data

In this section we will present and describe the data used for the empirical analysis of this thesis.

We refer to section 2.2 for a more detailed description of the methodology as well of a descriptive

analysis of the ESG data used in this study, as this was essential when defining material ESG issues.

In this section we will conversely, focus in more detail on the data used for the main analysis of this

thesis.

4.1 Data Procurement

The ESG data set used in this thesis, to identify companies’ ESG exposure, is provided by MSCI.

The MSCI ESG database covers over 7500 companies accounting for 98% of the market cap of the

MSCI World Index as of July 2019 (MSCI ESG Research, 2019). The data set provides information

on the score of each individual ESG pillar, their relative weight to the overall company score, as well

as the aggregated raw score and the industry adjusted ESG score on a monthly basis. In addition,

we obtain information on CO2 emission intensity from MSCI which is measured as the total carbon

emissions in relation to sales. As companies with higher carbon intensity have a higher exposure to

regulatory risk, this intensity ratio serves as a proxy for a company’s potential exposure towards

climate related risks (MSCI ESG Research, 2019).

For reasons mentioned in section 2.2, we will mainly use the industry-adjusted score for our analysis,

as this will prevent the results from being biased towards certain industries. The industries are

based on the GICS categorisation, developed partly by MSCI, across which the industry-adjusted

score is normalised.

The financial data on a company level, including various accounting, stock market and risk metrics,

is obtained from the global S&P Capital IQ database. The use of these in the course of our factor

construction and regressions will be further explained in section 5. In our data set, we consider

the large and mid-capitalisation segment of publicly listed firms in Europe and U.S. with financial

information from January 2006 to May 2019 on a monthly basis. The final data set is correspondingly

restricted to firms with a market capitalisation of at least USD 2.5 billion as of the end of 2019

and is adjusted to match variations in market cap over time. While we apply the entire time frame
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for our initial risk analysis, our regressions are only based on financial information from January

2010 due to data inconsistencies. For the risk analysis, we additionally use the global database S&P

Capital IQ through the Excel plug-in to download stock-specific risk measures in form of beta and

price volatility. Finally, we download the 1-Month U.S. Treasury Bill from the FRED database as

well as the MSCI World Index from the MSCI website which we will use as a proxy for the risk-free

rate and the market portfolio respectively.

4.2 Sample Selection and Descriptive Statistics

We choose to restrict our analysis to firms in Europe and the U.S. following the observations made

in section 2.1 and 2.4, as these markets are the most developed in terms of regulation on disclosure

of ESG related issues and awareness amongst investors. This selection can possibly provide a deeper

understanding of how investors can use ESG information in general, and the ESG Momentum in

particular, in their investment decisions. In terms of the chosen time frame for the analysis, we refer

to section 2.5 and the points made around data quality as well as the methodology improvements

from MSCI. Choosing a time frame in this setting is essentially a trade-off between data quality and

the number of observations. On the one hand, we want to include data of high quality instead of

a mass of inconsistent data. However, there is no evidence of MSCI backtesting their early rating

with their new methodology. Contrarily, it rather seems, by means of our descriptive analysis, that

the scoring underwent a drastic improvement over the years. Data quality is therefore an issue we

need to further consider in the limitations of our thesis. On the other hand, excluding observations

makes it more difficult to obtain significant results from regressions which we will further outline in

our methodology. As a middle way, to avoid outliers in the data set caused by the financial crisis

and to include data of high quality without excluding too many observations, we choose to restrict

our sample from January 2010 to May 2019. As the empirical research made by Fama & French

(1992) and Carhart (1997), which we to a large degree replicate, covers a longer time frame, our

time horizon might influence the quality of our results. We will discuss these and other limitation of

this thesis at a later stage and critically question our approach. As explained in the section above,

we still include observations back to 2006 for the initial risk analysis, as will be outlined in the

upcoming section on methodology.
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Table 3: Descriptive statistics European and U.S. Sample

Panel A: European Sample

Q1 (low ESG) Q2 Q3 Q4 Q5 (high ESG) Q5-Q1

Industry-Adj. ESG score 3.16 5.25 6.56 7.83 9.40 6.24 (189)
Min 0.37 4.52 5.92 7.20 8.51 8.14 (386)
Max 4.45 5.85 7.14 8.44 10 5.55 (238)
Standard Deviation 0.99 0.41 0.37 0.39 0.58 -0.44 (-48.9)
Annualised Return 8.75% 8.19% 7.47% 7.94% 9.51% 0.76 (1.09)
Market cap 15,439 19,971 20,022 19,410 23,843 8,404 (15.2)

Panel B: U.S. Sample

Q1 (low ESG) Q2 Q3 Q4 Q5 (high ESG) Q5-Q1

Industry-Adj. ESG score 1.85 3.46 4.70 5.98 7.98 1.85 (173)
Min 0.22 2.82 4.16 5.35 6.81 0.95 (274)
Max 2.74 4.09 5.28 6.73 10 7.26 (565)
Standard Deviation 0.59 0.41 0.35 0.43 0.97 0.38 (52.6)
Annualised Return 13.9% 15.9% 14.0% 13.6% 12.4% -1.5 (-0.21)
Market Cap 17,568 19,290 20,878 24,814 34,753 17,185 (29.5)

Panel A present descriptive statistics on the European sample divided into quintiles based on industry adjusted ESG
scores, as well as the spread between the highest and lowest quintile and corresponding t-statistic in parenthesis from
January 2010 to May 2019. Panel B presents the equivalent measures for the U.S.

We finally merge the ESG data set from MSCI with the financial company data based on the

Company IDs and dates, and get a final unbalanced sample of 3,080 firms from January 2010 to

end-of-May 2019. Firms with a continuous rating of zero are hereby entirely removed from the

sample as they have not been rated by MSCI. Firms with a temporarily score of zero, which might

be an indication of a lack of data quality, are accordingly removed for these points in time only.

Leaving them in the data set, would create extreme ESG Momentum factors potentially biasing

our portfolio construction, distribution and eventually results. However, the result of this proced-

ure is an unbalanced panel which does not contain the same firms at every point in time of the analysis.
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In Table 3 we present descriptive statistics for the European and U.S sample respectively, di-

vided into quintiles based on their industry-adjusted ESG score. The goal of this is to get a better

understanding of how the data behaves within the two markets. Furthermore, we receive an im-

pression of the relationship between the level of ESG scores and financial performance of high and

low rated firms. For each quintile, we calculate the average industry-adjusted ESG score, standard

deviation, annualised return as well as the average market cap. In summary, data overall counts

181,833 observations over the time frame described. The average firm in the sample has an average

annual return of 3.7%, an industry-adjusted ESG score of 5.64 and a market cap of USD 23,756

billion. However, looking at the tables more closely, we can see that the European market has on

average higher rated ESG firms than the U.S., but forfeits with lower returns compared to the U.S.

market. It can also be observed that companies rated within the mid-range of ESG scores have the

highest returns. In the last column we look at the spread between the upper and lower quintile

of the ESG score. It is hereby interesting to observe, that there is a positive spread between the

highest and lowest quintile in the European market over the period, whereas the same is not true

for the U.S sample. Another observation is that the returns are consistently increasing with the

ESG score for the European market. The same pattern can not be observed across the U.S market.

This gives an indication of the correlation between financial performance and ESG scores which

seems to be higher in Europe than in the U.S. In addition, from both markets we can observe that

larger firms tend to have a higher ESG score than smaller firms. Furthermore, the volatility of the

ESG score is decreasing with better scores in Europe, while no such clear pattern can be seen in

the U.S.. Thus, we can see that firms in Europe in general perform better on ESG related issues.

American firms, in contrast, are in general larger and obtain higher average annual returns, in line

with previous empirical observations (see section 2).

5 Methodology

This section of our thesis will provide an overview of the methodologies used for the stated hypotheses

and prediction in part 3.5. Our entire analysis is hereby focused on two regions, the U.S. and Europe,

which represent the two most mature but also ESG-aware markets. Due to these characteristics

we are expecting the most distinct patterns and valuable results by looking exclusively at these
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two regions. Furthermore, the difference between these two large markets might suggest additional

implications for the integration of ESG data into equity models.

This section is structured as followed: After describing the risk assessment of companies with respect

to their ESG profile we focus on the construction and characteristics of our ESG Momentum factor.

In a subsequent step we are then explaining the setup pf various regression analysis to investigate the

ESG Momentum’s influence on stock performance. Based on these findings we outline the integration

of the factor into existing equity models underlining its importance in investments decisions.

5.1 Assessing ESG Risk

As outlined in our approach and hypotheses the first step in our analysis is an assessment of the

relationship between risk and ESG scores suggested by other authors in section 3.3. By applying

a similar approach to the one of Dunn et al. (2018) to our data set, we are trying to investigate

if there is a systematic pattern in risk measures when comparing companies with different ESG

profiles. As described in section 4, our ESG data is obtained from MSCI, and thus we are expecting

similar findings to the paper of Dunn et al. (2018).

Just as Dunn et al. (2018), we split the total risk of a firm into two separate measures of sys-

tematic and stock-specific risk. The systematic risk is hereby represented by the stock’s beta while

the idiosyncratic risk is assessed from the stock’s price volatility. Both of these metrics are obtained

for each of our observations in the data set from the global database S&P Capital IQ through the

Excel plug-in.

For the stock’s price volatility we decided to use a one-year historical figure which measures the

stock’s price fluctuations within the past year. The metric is hereby constructed as the one-year

backward looking volatility which is annualised based on the stock’s daily standard deviation. The

corresponding formula can be found below where σ represents the standard deviation of the stock

price and T the timeframe. In this case, since we are looking at the annualised volatility, the T
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corresponds to the 252 trading days the daily volatility is based on.

σDaily =

√∑
(Pav − Pi)2

n

σAnnualised = σDaily ∗
√
T

(3)

The beta used for the systematic risk assessment refers to the sensitivity of an asset’s share price

with respect to a benchmark index and measures its relative movement to it. It is estimated as the

coefficient of the traditional CAPM regression which regresses the excess return of a stock on the

excess return of the chosen benchmark index. The result of this regression hereby depends to some

extent on the parameters utilised, such as the duration of the period and the frequency of estimating

the beta. In our framework we decided for a 5-year time span with a monthly frequency which is a

standard approach when trying to obtain a comparable metric across firms. As the benchmark we

decided to apply two different approaches to compare and test for robustness. As both regions, the

U.S. and Europe represent major markets with a global footprint, it seems reasonable to use a global

benchmark index to achieve comparability. On the one hand, we therefore decided to use the MSCI

World Index as the global benchmark consistent with our ESG data source. On the other hand, for

a more accurate assessment of each firm’s risk exposure, it might be preferable to estimate the beta

of each company with respect to its local index. Our risk analysis will correspondingly compare both

approaches to investigate if patterns systematically deviate according to the benchmark used. For

the U.S. we hereby apply the S&P 500 Index while for Europe the Euro Stoxx Index consisting of 500

and 300 constituents respectively. Just like the historical price volatility, a firm’s beta is obtainable

from S&P Capital IQ with the above described estimation approach. For each firm in our data set

we therefore download the corresponding 5-year monthly beta for every month it occurs in the sample.

Applying these methods to our entire data set, limited to Europe and the U.S., yields a panel

data frame of monthly rolling one-year windows for each stock’s price volatility as well as 5-year

windows for the beta, on the local and global index. By means of this panel data frame, we are

then able to conduct our main risk analysis assessing the influence of the ESG score on the risk

measures of a company. We hereby cover both geographies together since we expect a pattern

which is applicable globally and not specific to one region. For this purpose, we first divide the
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universe of firms into quintiles based on their ESG score on a monthly basis. This is similar to a

portfolio construction process using the ESG score as a monthly rebalancing criterion. For each

of these quintiles separately, we then calculate an average on each of the risk metrics, leaving us

with a time-series of company averages on price volatility and beta. Finally, we compare these time-

series trying to obtain systematical risk patterns dependent on the ESG quintile classification of firms.

For the visualisation of the patterns we are again using the Dunn et al. (2018) paper as an inspiration.

We accordingly plot our time-series of the average price volatility and beta for the highest and lowest

quintile. Furthermore, we create a graph which represents the percentage difference for each of the

two risk measures, between the highest and the lowest ESG score quintile. We can thereby see if

the highest ESG score quintile has systematically lower or higher risk values compared to the poor

ESG score quintile. In addition, all of the in the graph observed patterns are summarised in a table

which as well is inspired by the work of Dunn et al. (2018). Based on the ESG score quintiles we

compute a time-series average on selected metrics such as the risk measures, the annualised return as

well as firm and quality characteristics. Furthermore, we add a column with the difference between

the highest and lowest quintile and the relevant t-statistics of these differences. Comparing these

additional summary statistics gives further insight into the firm characteristics and performance

associated with each of the score quintiles.

5.2 The ESG Momentum Factor

The main part of our analysis is, as mentioned in section 3.5, based on the ESG Momentum factor

first introduced by Giese & Nagy (2018). For the construction of the factor we limit our data sample

geographically on Europe and the U.S. as outlined in our data section 4 since these two represent

the most developed markets and possess the highest ESG data quality. We accordingly construct

our ESG momentum factor and also conduct all subsequent analysis separately for the two regions.

ESG Momentum Factor Construction

To construct our ESG Momentum factor we establish an approach inspired by the MSCI Research

Insight from Giese & Nagy (2018), which we slightly modify based on several grounds. Giese & Nagy

(2018) define the ESG Momentum as a simple year-on-year change in the ESG score. This amount
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of 12 months lookback period was chosen by the authors after consideration of a range of time

frames between 6 to 24 months. Using a time frame of only 6 months yields very noisy and rather

flat performance results of the introduced long-short portfolio since a lot of firm ratings are not

updated within that period. Since Giese & Nagy (2018) exclude firms with a zero ESG Momentum

these firms with an updated score are falling through the filter. Since MSCI updates their scores

once a year and on a industry-by-industry basis, a horizon below 12 months seems intuitively not

reasonable, even though simulations covering 9-month and 12-month periods yield the strongest

and most persistent outperformance (Giese & Nagy, 2018). Furthermore, the authors find that the

longer the time horizon towards 24 months, the weaker the outperformance signal of the factor. A

middle ground between these two periods therefore seems ideal.

Considering our data set we tested two approaches of a 12-month and 15-month Momentum and

compared the results. Eventually, we decided to apply a time horizon of 15 months to cover changes

in ESG scores broadly and effectively. By that, we also avoid having a lot of firms in the sample

with a zero Momentum due to the shifted update of scores. Furthermore, instead of computing a

simple year-on-year change of the ESG score we calculate the ESG Momentum as a cumulative

return based on the ESG score inspired by the traditional price momentum method. In contrast to

the price momentum though, we do not expect a last month’s reversal effect, so that we include it in

the calculation.

ESG Momentum Characteristics

After constructing our ESG Momentum factor in the described manner we are interested in the

basic properties of the constructed factor in order to get a better insight into how the factor could

be used in financial models. For all of these basic properties and analyses, the MSCI Research

Insight by Giese & Nagy (2018) served as inspiration and analytical basis for our approach. The

outcome of some of the properties are in this context crucial since they might suggest some additional

modification of the factor to better implement it into equity models.

The first step of our fundamental analysis is the distribution of the ESG Momentum factor which we

have calculated for all firms on a monthly basis. When integrating ESG Momentum into the portfolio

construction process it is important to be aware of the distribution’s mean, standard deviation as

well as its skew and kurtosis. Having too many outliers which are creating a large dispersion in

the factors, might for example justify a capping of these outliers. Furthermore, the specific shape
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of the distribution and its skew might suggest a trend of development of ESG scores and entail

implications and interpretations of the ESG Momentum factor. We therefore plot a histogram of the

computed ESG Momentum factors, alongside a table with the basic properties of the distribution to

investigate these patterns.

Secondly, we are interested in the correlations of the ESG score and ESG Momentum factor with

traditional factors included in risk and equity models. When using the ESG Momentum factor as

basis for the portfolio construction, we have to rule out factor biases due to correlations. Seeing

large correlations between the ESG Momentum and the other equity factors would pose a problem

for the incorporation of the ESG Momentum into equity models due to multicollinearity.

ESG Momentum Performance

The most important feature of the ESG Momentum factor is its influence on stock performance.

Since our goal is to integrate the factor in existing equity strategies and asset pricing models it is

important to investigate whether there is abnormal positive or negative returns associated with the

ESG Momentum of firms.

As presented in section 3.4.4 the MSCI study on the ESG Momentum strategy by Giese & Nagy

(2018) provides evidence for a positive relationship between the change in a firm’s ESG score and its

financial performance. With a hypothetical zero-cost investment strategy of going long in the highest

quintile of ESG Momentum scores and short in the lowest quintile the authors create a long-short

portfolio which yields a significant cumulative outperformance over the sample period (Giese & Nagy,

2018). Following these findings, we are replicating the approach with our data for the U.S. and Europe.

In order to plot the cumulative performance of the long-short portfolio, we first need to divide

our set of firms into quintiles based on the monthly ESG Momentum score, like outlined above.

We subsequently calculate the return for the two quintile portfolios with the highest and lowest

momentum over our entire time frame. Since the long-short strategy is a zero-cost strategy it does

not need an outlay of money in the beginning. By definition the proceeds of the short sales are

used to fund the long purchases meaning that the short position finances the long one. This in

turn implies that the cumulative performance of the long-short strategy is just the cumulative sum

of the differences in monthly net return of the upper and lower quintile portfolio. Plotting this
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cumulative performance will eventually provide insight into the either positive or negative impact of

ESG Momentum on performance. Furthermore, we can infer from the performance graph if there

is a consistent impact of the ESG Momentum on stock performance over our time frame or if the

pattern systematically changes with respect to certain periods analysed.

5.3 Fama French Factor Creation

As outlined in section 3.5 our goal within this thesis is to integrate the ESG Momentum as an

additional factor in the traditional Fama French model and its extensions. Besides the ESG

Momentum factor, we thus also have to create the relevant Fama French factors based on our data

sample. A basic guide to how the factors are constructed can be found on the website of Kenneth

R. French (2020) in cooperation with the Tuck School of Business of Dartmouth university. In

addition to this factor construction process, the website also offers to download the relevant factors

specifically tailored to the model set-up (i.e. 3-factor, 4-factor model etc.), specific geographies or

industries.

On the basis of the instructions we are outlining our construction approach for each of the included

factors in the subsequent paragraphs. The factors needed for our analysis can be inferred from

equation 4 below which represents the comprehensive framework of our hypothesis including all

factors.

rit = αiT + βiTMRKTt + γiTSMBt + δiTHMLt + εiTPMOMt + φiTESGMOMt (4)

The first four factors as well as the dependent variable are here identical to the framework of the

Carhart (1997) 4-factor model. rit on the left-hand side stands for the monthly excess return on

an asset or portfolio i at time t. The index i can therefore in the entire framework refer to an

single asset, in most of the cases though it represents a portfolio. The factors on the right-hand side

represent the typical Fama French 3-factors as well as Carhart’s additional price momentum. All of

the factors have an index of time t since they do not vary across firms or portfolios but are computed

for each month in the sample. The coefficients of the factors all possess the index iT since their value

is varying across asset or portfolio i, but represent a time-series average over T . Same counts for

our ESG Momentum factor which we include as the fifth factor in addition to the four Carhart (1997).
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The Market Excess Return

The market risk premium is the initial factor introduced under the CAPM framework which covers

the return of the market portfolio in excess of the risk-free rate specified in the model. The β

coefficient in front of it measures, as mentioned in earlier parts of this paper, the relative movement

of the stock’s or portfolio’s return with the return of the market and thereby serves as a proxy for

its systematic risk. While the risk-free rate is in most of the literature represented by the one-month

U.S. Treasury Bill rate the choice of market portfolio is a bit more elaborated. Since the market

portfolio should cover the entire universe of stocks investigated in the portfolio it is often a large

market proxy with either global or geographical focus.

Since our data samples cover on the one hand the European and on the other hand the U.S. market,

we choose our proxies for our regressions according to these geographical constraints. Since our

utilised ESG data set does not include any small cap firms, as described in the data section 4, we can

limit our choice of market proxy to large indices as well. As the relevant market portfolio for the two

regions we therefore choose the MSCI World Index which cover large and mid-cap stocks from 23

developed countries. Accordingly, the factor for the market excess return is computed by deducting

the risk-free rate from the monthly return of each of the indeces at any point in time. In both cases

we hereby use the one-month U.S. T-Bill as the risk-free rate for better comparability of the results.

SMB and HML

The following two factors SMB and HML are the extension of the traditional CAPM to the Fama

French 3-factor model introduced in section 3.2. These factors are created based on the discovered

anomaly in returns when comparing small and big firms as well as value and growth firms. In

particular, as Fama & French (1992) tested the CAPM, they found significant and high alphas for

small compared to large firms and high book-to-market (BTM) compared to low book-to-market

firms. As a result, Fama & French (1993) created the two indicated factors accounting for the small

cap and value bias in returns based on six portfolios formed on size and BTM.

Following this approach of Fama & French (1993), we are constructing the six value-weighted factor

portfolios based on our data sets and for each of the two regions separately. The portfolios are

created on a monthly basis by classifying stocks as small or big and value, neutral or growth firm
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based on their market capitalisation and BTM respectively. In contrast to the methodology of Fama

& French (1993), who rebalance their portfolios according to size and BTM once a year, we decided

to apply a monthly rebalancing approach. By that we are able to capture all fluctuations in the data

and accurately measure each portfolio’s performance with respect to the underlying construction

parameters. We therefore define breakpoints for market cap and BTM in every month t and sort

our universe of stocks into these clusters. While the size breakpoint is just the median of market

caps in every month, the BTM is divided into three categories. The lowest 30% of values hereby

refer to growth firms, the middle 40% to neutral ones and the upper 30% to value firms. After

sorting each firm into one of the combinations of size and value portfolio we calculate the monthly

value-weighted return on each of the portfolios based on the firms in it. The result is a time-series of

average returns of these six portfolios from which we calculate the relevant SMB and HML factors

by means of the following equations:

SMB = 1
3 (Small V alue + Small Neutral + Small Growth)

− 1
3 (Big V alue + Big Neutral + Big Growth)

(5)

HML = 1
2 (Small V alue + Big V alue)

− 1
2 (Small Growth + Big Growth)

(6)

As can be inferred from equation 5 the SMB factor is derived by subtracting the average return

on the three big portfolios from the average return on the three small ones. Similarly, equation 6

depicts the HML factor as the difference in average returns of the two value and the two growth

portfolios. The two factors therefore simply represent a time-series of the average excess return of

portfolios constructed by means of size and value parameters in each month of the sample.

Price Momentum

The PMOM factor included in equation 4 leads back to the introduced momentum strategy by

Jegadeesh & Titman (1993) who predict superior returns for firms with a strong past performance

relative to firms with the opposite. The factor therefore measures the difference in average returns

of a portfolio including firms with a high momentum compared to one constructed based on low
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momentum firms.

The price momentum itself is computed based on the common methodology of Jegadeesh & Titman

(1993). It defined as the stock’s past year’s cumulative return excluding the most recent month,

thereby covering a period of 11 months. The last month is hereby excluded due to the reversal effect

we observe when analysing the trend of stock returns. Based on this stock-specific price momentum

factor we are then able to create six portfolios in a similar manner to the SMB and HML portfolio

construction. For the size classification of stocks we use the same monthly breakpoint of the median

of market capitalisation to either sort companies in the small or big portfolios. Subsequently, instead

of sorting stocks by BTM, we now use the 30th and 70th percentile of the calculated price momentum

as monthly breakpoints for the portfolio construction. Stocks are therefore categorise as either high,

medium or low momentum stocks depending on their specific value each month. Following the

portfolio construction, we can then compute the value-weighted average monthly return on each of

the six resulting portfolios and compute the PMOM factor with the adjacent equation:

PMOM = 1
2 (Small High + Big High) − 1

2 (Small Low + Big Low) (7)

As equation 7 illustrates, the monthly calculated PMOM again generates a time-series of average

excess returns of stocks with a high momentum compared to those with a low one. Including this

factor in the regression model will therefore account for the anomaly associated with this momentum

factor.

ESG Momentum

Similar to the intuition of the price momentum and inspired by the MSCI Research by Giese & Nagy

(2018), we believe that there is a positive abnormal return associated with firms that experienced

an increase in their ESG score compared to firms with a downward trend in ESG score. This ESG

Momentum is measured in a similar way to the price momentum by calculating the past year’s

change in ESG score per firm and month. Since we do not expect a reversal effect of the score trend

within the most recent month, we are not applying the price momentum rule of excluding the last

month from the ESG Momentum calculation. Instead we simply consider a 15-month lookback

period and compute the cumulative return on the ESG score for each firm on a monthly basis.

Note that, we are hereby revising the 12-month lookback period of Giese & Nagy (2018). Since scores
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are not updated at a specific date each year but on a industry-by-industry basis, our calculated

Momentum factor is likely to contain a lot of zeros due to unchanged scores. As a result it might be

difficult to calculate the respective breakpoints for the portfolio construction in case they are not

unique or different from zero. At this point, we therefore decided to adjust the lookback period to

15 months to avoid too many zeros in the data and ensure unique portfolio breakpoints.

The main contribution of our paper is the integration of the ESG momentum factor into the Fama

French framework outlined above. Due to the similarity of the factors’ intentions we are closely

following the factor construction process of the price momentum outlined above. In contrast to

the price momentum, however, we use different breakpoints for our portfolio construction which

are in line with our outperformance analysis. Accordingly, we are constructing monthly quintile

breakpoints based on the calculated ESG Momentum, thereby creating five portfolios on the ESG

Momentum criterion. The firms sorted into the top and bottom quintile with the highest and lowest

ESG Momentum scores respectively, are the ones included in the factor construction. Combining

their affiliation with either top or bottom quintile with the classification of size yields ten portfolios

for which we can compute the monthly value-weighted return.

ESGMOM = 1
2 (Small Top + Big Top) − 1

2 (Small Bottom + Big Bottom) (8)

As depicted in equation 8 above the ESGMOM factor is derived by deducting the average return of

the two bottom ESG Momentum portfolios from the two top ones. The resulting factor can therefore,

similar to the ones above, be interpreted as the monthly excess return of a high ESG momentum

portfolio compared to a low one, representing the anomaly associated with the ESG factor.

5.4 Regressions

The main contribution in this paper is the integration of the ESG Momentum into the Fama French

framework as an additional factor. As we try to illustrate in our cumulative performance analysis

of an ESG Momentum long-short portfolio, the change in a company’s ESG profile has significant

impact on its performance. If that is the case, then ESG data might be a source of outperformance

which is not captured by traditional asset pricing models. In particular this means, that in a Fama
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French framework there would be a significant alpha which the initial factors cannot explain. In order

to test this hypothesis, we are creating a regression model based on the Fama French framework

resembling the one of Carhart (1997) which includes his four factors: Market Excess Return, SMB,

HML and Price Momentum. After using the above mentioned models to test the ESG Momentum

strategy for outperformance or significant alpha we implement the ESG Momentum factor into the

4-factor framework of Carhart.

5.4.1 ESG Momentum Quintile Portfolios

In a first step we are recalling our analysis from above referring to the cumulative outperformance

associated with a long-short portfolio based on ESG Momentum. To test this hypothesis of

outperformance not cumulatively but on a monthly basis, we are applying our ESG Momentum

strategy to a traditional asset pricing model like the Carhart (1997) 4-factor model. As explained in

section 3.2 the Carhart model is one of many extensions of the CAPM and includes four risk factors

which help explain portfolio returns.

rit = αiT + βiTMRKTt + γiTSMBt + δiTHMLt + εiTPMOMt (9)

By means of the model equation above we are running regressions on our five quintile portfolios

based on the ESG Momentum. By running the regression on all the portfolios separately we can,

on the one hand, observe if there is a higher monthly excess return associated with a higher ESG

momentum portfolio. On the other hand, we can determine if there is a significant outperformance

in the form of alpha in any of the portfolio which is not explained by the four factors of the model.

Since we are trying to discover an anomaly with respect to ESG Momentum, we are hereby expecting

a significant positive alpha for the top quintile and correspondingly a negative alpha for the bottom

quintile, indicating a lack of explanatory power of the model. In this case the ESG Momentum

strategy would be a profitable strategy to use for investors signaling a potential to outperformance.

Page 60 of 104



5.4.2 Return-Sorted Portfolios

In a subsequent step we are testing the implementation of our constructed ESG Momentum factor

in the above outlined regression framework. We are hereby referring back to our result from above

which serves as the basis of this step of the analysis. Under ideal results we would observe the

significant positive and negative alpha for our top and bottom quintile respectively, thereby justifying

the integration of our ESG Momentum factor to account for the anomaly. In case the results will be

not as expected we will still run the regression including the ESG Momentum factor for the sake

of completeness. Our goal in this regression setup is therefore to test our ESG Momentum factor

for significance and assess whether it helps improve the explanatory power of the model. For this

purpose we are estimating the regression model in two modifications. The first one is simply the

4-factor model as represented by equation 9. The second one, however, additionally includes our

ESG Momentum factor as explanatory variable for the excess returns of the portfolios on the left

hand side, leading to equation 10.

rit = αiT + βiTMRKTt + γiTSMBt + δiTHMLt + εiTPMOMt + φiTESGMOMt (10)

The second purpose of this regression setup is to create a performance attribution model explaining

the construction of portfolios on the left hand side. Inspired again by the 4-factor model of Carhart

(1997), we are constructing ten monthly rebalanced decile portfolios formed on the past year’s

return. The highest decile therefore by definition includes the firms with the highest performance

over the past year, while the ones with the worst performance are sorted into the lowest decile.

By means of the ten separate regressions we are accordingly able to measure each factor’s con-

tribution to the out- and underperformance of each of the ten portfolios. Overall, we therefore

not only test our ESG Momentum factor for statistical significance, but also observe if its coef-

ficient systematically changes across performance portfolios indicating varying exposures to the factor.

To assess whether our additional ESG Momentum increases the regression model’s explanatory

power of the portfolios’ excess returns, we compare the adjusted R2 and the mean absolute errors

(MAE) of the 4- and 5-factor model specifications. While the adjusted R2 hereby measures the share
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of by the model explained residuals, adjusted by the number of predictors, the MAE estimates the

size of errors in a set of predictions.

5.4.3 Industry Breakdown

In order to further investigate the potential of the ESG Momentum as an additional factor in the

model we are breaking down the data set to different sectors again. As addressed in section 2.4, the

impacts of each pillar on performance are dissimilar when analysing them with respect to a certain

industry or business context. According to Khan et al. (2016) each industry possesses a pillar which

is most material for its operations and therefore has the evidently highest impact on performance.

Based on this statement, we want to repeat our conducted analysis from above specified to a certain

industry and with respect to the ESG pillar they are most exposed to. For simplicity and due

to the scope of this thesis, we will replicate the analysis for two industries in Europe where we

expect the most distinct results and patterns regarding their material pillar. On the one hand,

we decided to use the Utilities sector since it is by nature highly dependent on carbon emissions

and therefore exposed to the environmental pillar. On the other hand, we are investigating the

Financial sector which, among all industries, is most exposed to the governance pillar. Comparing

these two industries and the impact of each pillar separately will provide insight into whether there

are systematical differences between industries and if performance can be attributed to one specific

pillar improvement within each sector.

rit = αiT + βiTMRKTt + γiTSMBt + δiTHMLt + εiTPMOMt

+ φiTEMOMt + πiTSMOMt + ρiTGMOMt

(11)

For this purpose we are in a first step replicating the analysis from equation 9 which regresses the

Momentum quintile portfolios on the four Carhart (1997) factors. In contrast to before, we are at this

point creating the Momentum portfolios based on the material pillar for the sector investigated. In

case of Utilities, we therefore employ the E Momentum factor for portfolio construction, while for the

Financial sector we use the G Momentum. We can correspondingly compare if the outperformance

of the portfolios, based on the change in the material pillar, deviates from the one we observed under

our initial full sample analysis.
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In a second step, we are similar to section 5.4.2, creating decile portfolio based on the lagged one-year

return which we regress on our factor portfolios. We are hereby again implementing our Momentum

factor as an additional explanatory variable but in this case decomposed into its pillars. As equation

11 shows, each of the pillars now has its own factor portfolio which we will test for significance across

the decile portfolios. Employing this approach therefore enables us to assess whether each pillar has

the same impact on return within the portfolios or if the material pillar of the specific industry will

be more significant in contributing to portfolio returns.

5.5 Robustness Checks and Econometric Considerations

We perform several robustness checks to validate our results, as we want to avoid biases in our

regression results stemming from misspecified factor models. These checks refer, on the one hand, to

empirical tests and, on the other other hand, to parameters and restrictions used in our analytical

approach.

We start out by looking into whether our results are robust towards some simple changes in

terms of the chosen methodology. We restrict this part of the analysis to the main contribution

of this thesis, which is the 5-factor model including the ESG Momentum factor, as it is mainly

the impact of this additional factor we want to validate. In our main analysis we have constructed

value-weighted decile portfolios. To see whether this choice of portfolio construction impacts our

results, we replicate our regression analysis with equal-weighted portfolios. In addition, we investigate

whether the results are robust against different time frames and restrictions with respect to firm size.

As we are covering a rather short time horizon compared to similar empirical factor analyses (see

Fama & French (1992) and Carhart (1997)), we understand that our choice of time frame might

impact our results. As MSCI does not offer ESG ratings before 2006, this naturally limits the

possible time frame. At the same time, the updated methodology of the ESG data could affect the

quality of our results, as previously discussed. Thus, we try to both adjustments of including the

whole time frame with available ESG data from MSCI but also restricting the sample to only the

period after the methodology update in 2013. The results of this robustness check might give an

indication on whether the chosen time frame is driving our results.

Additionally, we test whether the firm size has any important implications, by restricting our sample
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to the 200 largest firms within each market. Through this restriction, we can see whether returns

within the largest segment of the sample react differently to the ESG Momentum factor.

Moving on to the econometric challenges of running standard linear regressions, there are some

essential considerations with regard to the assumptions that are needed for a model to produce

unbiased and consistent estimators. For these tests we extend the analysis to include both the

4- and 5-factor model. We first address the issue of autocorrelation, which is the notion of time

dependence in the data and refers to the correlation of an explanatory variable with its past values.

We further test the models for heteroskedasticity, which means that the variance of the error terms is

not constant. Neither the presence of autocorrelation, nor of heteroskedasticity lead to an unbiased

estimator, but make the model inefficient and the derived standard error unusable for inference.

There are a number of ways to test for autocorrelation in the error terms, where the Durbin Watson

test and the Breusch-Godfrey test are the most widely used (Wooldridge, Jeffrey M., 2012). We

decided to apply the Breusch-Godfrey test, as it is more flexible with respect to the order of lags

it can detect compared to the Durbin Watson test. The null hypothesis of the Breusch-Godfrey

test is no serial autocorrelation. Additionally, the presence of heteroskedasticity will be analysed

by the Breusch-Pagan test, which has a null hypothesis of homoskedastic error terms. In case

we find a wide-spread heteroskedasticity and autocorrelation in the time-series data, we will in

response use Newey-West standard errors in our regressions. These will correspondingly account for

heteroskedasticity and autocorrelation in the error terms and ensure an efficient estimation. This

procedure is a standard approach within the research of asset pricing models (Wooldridge, Jeffrey

M., 2012).

V IFi = 1
(1−R2

i )
(12)

We also test for multicollinearity, which occurs whenever the explanatory variables are correlated

with each other. The presence of multicollinearity will cause the regressions to have difficulties in

distinguishing which of the explanatory variables are driving the results. As we in our research apply

models which are widely used within the academic theory, we find it reasonable to assume that

the models do not contain a high degree of multicollinearity. However, since we are including an
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additional factor in this paper, we still find it necessary to investigate the matter. As explained above

in this chapter, we will look into the cross-correlations between the constructed factor portfolios

which gives a first indication of the degree of multicollinearity the models contain. As an additional

robustness, we will further run a variance inflation factor (VIF) test. The VIF-test hereby runs

regressions for each of our five factors as dependent variable, using the remaining factors in the

model as explanatory variables. It therefore rules out biases through too high correlations between

the factors, in addition to our initial check of cross-correlations. The VIF-factor is then calculated

as follows from Equation 12 Wooldridge, Jeffrey M. (2012).

6 Results

The upcoming section summarises our findings with respect outlined analysis in the methodology

section. We are covering each results section in the same manner as the structure of section 5. We

are therefore starting with our general risk analysis before we go into detail on the constructed ESG

Momentum and its factor characteristics. The results to our main analysis and regressions will then

be found in the last part of this section providing the main contribution of our thesis.

6.1 ESG Risks

As delineated in section 5.1, we are conducting an analysis of the individual risk exposure of firms

dependent on their ESG profile and based on European and U.S. firms combined. In particular, we

are measuring systematic and idiosyncratic risk in the form of beta and price volatility respectively

for each of our five quintiles based on the industry-adjusted ESG score. We are hereby expecting a

consistent time independent pattern of a systematically higher risk exposure for firms within the

poor versus in the high quintile. Figure 4 below depicts the time-series average of the firms’ 5Y

backward looking local beta and the 1Y historical price volatility for the best (Q5) and worst (Q1)

ESG score quintile. The upper two grey lines hereby show the average price volatility with reference

to the right percentage scale axis. The lower two green lines conversely, illustrate the beta scaled on

the left-side axis. For illustration purposes we only plotted the risk curves for these two extreme

ESG profiles. The pattern of the relationship between ESG and risk profile for all of the quintiles,

however, will be picked up at a later stage in this section.
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Figure 4: Beta and Price Volatility of Best (Q5) and Worst (Q1) ESG Quintile

As we can see on the basis of Figure 4, there is a consistent pattern over time showing systematically

higher risk metrics of firms in the poor ESG quintile compared to the high one. With respect to the

stock-specific risk, an average firm in the worst quintile possesses a stock price volatility of around

32% while the average firm in the best quintile only has about 28%. More precisely, the idiosyncratic

risk of a firm with a poor ESG profile is substantially higher and above the one of a high-ranked

ESG firm at every point in time. The price volatility is hereby relatively stable throughout the

entire timeframe except for the period after the Great Financial Crisis, in which volatility peaked

around 70% and 60% for the poor and high ESG quintile respectively. This consequently increases

the overall average across the entire time-series making the price volatility in general quite high

compared to the volatility of the MSCI World or S&P 500. In general this curve progression with a

peak around 2009/2010 is very similar to our baseline paper from Dunn et al. (2018), even though

their volatility levels are not as high as ours. Looking at the beta curves, we can as well observe a

significantly higher level of systematic risk in the form of beta at every point in time.
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Figure 5: Percentage Difference of Beta and Price Volatility between Best (Q5) and
Worst (Q1) ESG Quintile

Throughout the entire observation period we can observe a consistent gap for both risk measures,

volatility and beta, between the lowest and the highest ESG score quintile. This confirms the

negative relationship between a firm’s ESG profile and its risk exposures. Looking at Figure 5,

which plots the percentage difference between the best and worst ESG quintile for both of the risk

metrics, this observation becomes even more apparent. The graph depicts a continuously positive

spread of volatility as well as beta moving from the lowest-ranked to the highest-ranked firms. More

specifically, the volatility of the lowest ESG score firms is on average 14% higher, whereas the beta

even reaches an average difference of 20%. While the overall observation of the analysis is similar to

the findings of Dunn et al. (2018), the extent to which lower ESG firms show a higher risk profile is

substantially larger in our results. Dunn et al. (2018) correspondingly estimate an average difference

of around 15% for the volatility and only 3% for the beta. These differences in findings, especially

with respect to the beta, are quite substantial but might be traceable back to the differences in the

parameters and the estimation approach.
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Table 4: Summary Statistics on Risk Measures

Q1 (poor ESG) Q2 Q3 Q4 Q5 (high ESG) Q5-Q1

Industry-Adj. ESG Score 1.99 3.71 5.04 6.50 8.59 6.6 (209.8)

Risk Metrics
Stock Volatility 31.82% 31.28% 30.73% 30.06% 27.82% -4.0% (-3.7)
Local Beta 1.09 1.08 1.04 0.99 0.91 -0.17 (-24.0)
MSCI World Beta 1.03 1.02 1.01 0.97 0.92 -0.12 (-13.8)

Performance
Annualised Return 8.77% 11.36% 6.99% 6.63% 5.15% -3.62% (-11.1)

Characteristics
Market Cap (USD m) 14,940 16,717 19,091 23,531 28,210 13,270 (24.3)
Book-to-Market 0.57 0.60 0.55 0.52 0.51 -0.06 (-1.7)
Price Momentum 8.05% 10.05% 6.36% 6.05% 4.69% -3.36% (-10.9)
Profitability 0.25 0.26 0.26 0.26 0.27 0.02 (11.9)

The table above shows the risk metrics as well as the firm characteristics for each quintile. The quintiles are based on
the ESG scores for the entire data sample for the U.S. and Europe between January 2006 and May 2019. The last
column represents the difference between the highest (Q5) and lowest (Q1) quintile with t-statistics in parentheses. The
profitability measure is defined as the Gross Profit over Total Assets.

All of the above mentioned findings are summarised in Table 4, which covers all of the five ESG

quintiles. In addition, the table provides an overview of firm characteristics and performance indic-

ators, which gives further insight into the companies sorted into each of the quintiles respectively.

The last column describes the spread between the highest and lowest quintile.

The top row of the table shows the average industry adjusted ESG score. Looking at the two

extreme ones, it is obvious that the spread between the score levels is quite significant which further

implies large differences in the companies itself. Below this score overview, Table 4 summarises the

risk measures depicted in Figure 4 and 5 above. For all of the three metrics there is a constantly

decreasing pattern in risk measures moving from the lowest quintile (Q1) to the highest (Q5)

confirming the hypothesis that larger ESG scores induces lower systematic as well as idiosyncratic

risk. While the beta of the graphs above refer to its local index measure, Table 4 also exhibits the

MSCI World beta which appears slightly lower but shows the same trend when moving from the

poor to the high ESG quintile. The last column of the table further displays the difference between

the two extreme quintiles alongside their t-statistic in parentheses. As can be seen from the high

Page 68 of 104



t-statistics of the risk measures, the difference between Q5 and Q1 is statistically significant on the

1% level for all of them.

Besides the risk measures, Table 4 also reports performance and firm characteristics providing

further insight into which companies are sorted into each of the five quintiles. The most obvious

pattern is hereby the market capitalisation which steadily increases towards the higher ESG quintile.

Similarly, a firm’s profitability measured as the ratio of gross profit to total assets appears to be higher

for firms in the high ESG quintile with a statistically significant difference. The book-to-market

ratio in turn, categorising a firm as growth or value firm, is decreasing moving from the poor to the

high ESG quintile. The price momentum does not show any distinct pattern across quintiles.

Looking at the annualised return across quintiles there is no clear pattern identifiable moving

from the lowest to the highest quintile. However, comparing again the two extremes we find a

statistically significant higher annualised return of the low ESG quintile compared to the high one.

Recalling our analysis of Hong & Kacperczyk (2009), this superior performance of poorly ranked

firms might on the one hand be subject to the neglect premium stemming from the lower investors

demand and therefore lower prices of these assets. On the other hand though, in line with Dunn

et al. (2018) and our results of the risk assessment above, the higher return might also include

a compensation for the additional risk that low ESG score firms carry. This intuition is further

supported by the patterns of stock characteristics discussed above. Since low ESG scores tend to

be smaller in size, exhibit a higher book-to-market ratio and are therefore cheaper, the market in

turn assigns them with lower valuations. Part of the Q1 outperformance might therefore be a res-

ult of a small cap premium paired with cheap valuations of low-ranked ESG stocks (Dunn et al., 2018).

In conclusion, all of our results are in line with our reference paper by Dunn et al. (2018) which

served as the methodological foundation of this analysis. The pattern of systematically higher risk

for low ESG score firms compared to high-ranked firms is time consistent and with 14% for the

volatility and 20% for the beta also quite drastic. Note at this point that we acknowledge that this is

a baseline risk assessment which does not control for additional company characteristics. Expanding

the analysis by control measures for firm characteristics and quality measures as presented in Table

4 might yield a less strong difference in risk exposures between the highest and lowest ESG quintile.

Due to the scope and limit of this thesis, however, we will not cover these additional analysis but
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only focus on our main hypothesis. Since we have demonstrated that ESG data contains information

on a firm’s risk profile which complement traditional risk models, it is evident that the consideration

of ESG in the investment process has financial incentives beyond ethical ones.

6.2 The ESG Momentum Factor

As outlined in section 5 on our methodology, our ESG Momentum factor is constructed based on

the approach by Giese & Nagy (2018) for our two samples, the U.S. and Europe. Even though the

foundation of our approaches is the same, our methodology contains a few key differences which

might be the reason for discrepancies between the results of Giese & Nagy (2018) and ours presented

below. As explained in section 5 we are computing a cumulative return of the past 15 months

instead of calculating the simple year-on-year return. This is similar to the initial price momentum

methodology and decreases the number of zero Momentum factors due to not yet updated scores. In

addition, unlike Giese & Nagy (2018), we are neither capping our Momentum factor nor deleting

zeros from the sample as this did not impact our results significantly.

The result of our ESG Momentum factor construction is visualised in Figure 6 representing the

histogram with the frequency of the underlying Momentum factors. For illustration purposes, we

hereby only plotted the factors in the range of -2.5 to 2.5, omitting some outliers in the highly positive

range of the scale. Moreover, we summarised the statistics of the ESG Momentum distribution in

Table 5 beneath the histogram. Looking at Figure 6 we can see that most of the observations are

concentrated in the middle of the histogram around the mean of 0.115. Having a mean of 0.115 here

means that the average firm in our two samples improves it’s ESG score by 11.5% within the past

15 months. Furthermore, we can infer from the positive mean as well as the large positive skew that

our data set is largely tilted towards score upgrades mainly due to our large positive outliers. Note,

that this might further entail important implications for performance since portfolios based on ESG

Momentum are likewise tilted towards firms with an upward trend in ESG scores (Giese & Nagy, 2018).
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Figure 6: Histogram of ESG Momentum Factors

Table 5: Statistics of ESG Momentum
Distribution

Mean Std. Dev. Skew Kurtosis

0.115 0.6261 8.4213 120.4346

Even though the histogram reveals a nice frequency with concentration around the mean, the distri-

bution is not that well behaved which is further reflected in its kurtosis of 120.4. While the normal

distribution has a kurtosis of around 3 and the logistic distribution of around 4.2, our results are far

away from that. Our results are thereby not only in strong contrast to these standard distributions

but also to the findings of Giese & Nagy (2018) whose distribution resembles a logistic one. As

mentioned above, these discrepancies in statistics on the distribution might stem from differences

in the methodology used to calculate the ESG Momentum. In addition to the different lookback

horizons and return calculation applied, Giese & Nagy (2018) delete all zero ESG Momentum factors
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from their sample which we do not consider reasonable. Furthermore, there is no indication in their

paper of how they treat large outliers as we experience them in our data sample. The implications

of these differences will be picked up and tested at a later point in this section.

For the remainder of this paper we are dividing our data sample not only into the two geographical

areas, Europe and the U.S., but also into quintiles based on the ESG Momentum score which are the

basis of our main analysis. Furthermore, due to data inconsistencies and a lack of quality, we use data

from 2010 on to construct our factors. Table 6 including Panel A and B below summarises the basic

descriptive statistics of these five portfolios for each of the two regions. Looking at the distribution

of characteristics across the quintiles it is notable that many of the factor development resemble a U-

or inverted U-shape with their extreme values in the middle range. We can accordingly find the

firms with the lowest BTM, highest profitability, highest average ESG score and thus also with the

lowest beta and volatility in Q3. For the U.S., we can further find the largest firms, measured by

market cap, in quintile 3. These characteristics therefore apply for the firms which are associated

with the most neutral change in their ESG score (Q3).

Table 6: ESG Momentum Descriptive Statistics

Panel A: European Sample

Q1 (low) Q2 Q3 Q4 Q5 (high) Q5-Q1

Ind-Adj. ESG Score 3.03 4.79 5.49 5.41 4.65 1.66 (37.6)
Market Cap 20,954 21,218 20,649 19,888 16,184 -4,771 (-9.39)
Book-to-Market 1.01 0.65 0.60 0.66 0.67 -0.34 (-3.66)
Beta 0.99 0.91 0.90 0.91 0.99 0.00 (0.13)
Volatility 32.6% 29.9% 27.5% 30.3% 31.0% -1.63% (-1.41)
Price Momentum 7.5% 2.6% 6.1% 3.2% 4.4% -3.1% (-0.94)
Profitability 0.23 0.26 0.26 0.26 0.24 0.01 (4.30)
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Panel B: U.S. Sample

Q1 (low) Q2 Q3 Q4 Q5 (high) Q5-Q1

Ind-Adj. ESG Score 4.92 6.75 7.06 7.04 6.34 1.42 (11.2)
Market Cap 22,629 23,308 27,049 25,348 21,199 -1,429 (-2.07)
Book-to-Market 0.51 0.46 0.43 0.46 0.45 -0.05 (-3.79)
Beta 1.00 0.98 0.98 0.95 1.00 0.00 (-0.51)
Volatility 31.2% 30.2% 27.0% 29.1% 30.7% -0.49% (-0.34)
Price Momentum 8.2% 8.6% 10.0% 7.9% 9.9% 1.7% (0.72)
Profitability 0.25 0.26 0.27 0.28 0.26 0.01 (2.32)

The table describes the value of average factors values as well as the industry-adjusted ESG scores across
quintile portfolios created on our 15-month ESG Momentum. Panel A describes the European sample,
whereas Panel B covers the U.S. sample over the period between January 2010 to May 2019. The last column
represents the difference between the highest (Q5) and lowest (Q1) quintile with t-statistics in parentheses.
The profitability measure is defined as the Gross Profit over Total Assets.

On the extreme sides of the quintiles, in Q1 and Q5, we can observe statistically significant

differences in the factor values for most of the variables presented in the right column. The high

ESG Momentum quintile consists of smaller firms which possess a higher average ESG as well as a

lower BTM. Especially in Europe the score and small cap bias is highly significant implying a high

exposure towards these factors in an equity model. In general, these characteristics indicate that we

expect smaller and growth firms to experience the highest ESG profile improvements, while larger

value firms rather exhibit a modest or negative development of scores.

With respect to the price momentum it is notable that there is no clear pattern or a statistically

significant difference between the two extreme quintiles. Overall it is obvious that there does not

seem to be a high correlation between the ESG Momentum and specific firm characteristics or

quality factor which is further supported by Appendix III.

In order to find the optimal strategy of integrating ESG data, and specifically our ESG Momentum

factor into existing equity models, it is further crucial to understand its relation to standard equity

style factors of these models. To follow up on the descriptive statistics of companies in each ESG

Momentum quintile, we calculate the correlations between the ESG Momentum and essential equity

style factors. Appendix III summarises these correlations and contrasts them with the correlations
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of the industry adjusted ESG scores. This gives us an initial understanding of how ESG ratings

and their Momentum are connected to typical equity factors and which implications we can draw

from these correlations of their integration into these models. High correlations between equity

factors and one of the ESG factors could potentially bias our results due to multicollinearity in

a regression setup. As we saw in our risk assessment, as well as in Appendix III, ESG scores

have significant negative correlations with volatility and beta as well as a positive correlation

with company size. The ESG Momentum factor in contrast, appears uncorrelated with all of the

factors reducing the risk of large factor biases in equity models or portfolio construction to a minimum.

Since this fundamental hypothesis of our paper is that higher ESG Momentum firms experience a

better stock performance in compared to a low ESG Momentum, we are creating a hypothetical

portfolio with a long position in the high ESG Momentum quintile (Q5) and a short position in the

lower one (Q1). The performance of this long-short portfolio is plotted in Figure 7 representing a

high-level analysis of performance implications of our suggested ESG Momentum strategy. For sim-

plicity we hereby plot the U.S. and Europe together since their development is similar. Furthermore,

due to data inconsistency which lead to a very volatile and often negative cumulative performance,

we decided to use only data from 2010 onwards. Since our ESG Momentum factor is constructed

based on a 15-month lookback period, the plot shows the cumulative performance after 2011. Since

our time frame in general is quite short, we decided to exclude this time of the financial crisis as it

is not representative of the general pattern and biases results.

As can be seen in Figure 7 the graph has an overall positive trend indicating an outperformance

associated with the long-short strategy based on the ESG Momentum. The cumulative performance

of this monthly balanced hypothetical portfolio ends up with a cumulative outperformance of 23%

after a holding period of a bit over eight years. These findings are in terms of trend in line with

Giese & Nagy (2018), but overall larger in size. This can, on the one hand, be traced back to our

sample only covering European and U.S. firms and, on the other hand, to the larger time frame

covered. However, the biggest anomaly which we do not observe in the research by Giese & Nagy

(2018) is the significant unexplained negative performance of the long-short portfolio between 2015

and 2017. Due to our small period covered this is an anomaly which might impact our results largely

with a view to our subsequent analysis.
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Figure 7: Cumulative Performance of Long-Short Portfolio in Q5 and Q1 of ESG
Momentum Quintiles

6.3 Regressions

Based on the findings for the cumulative outperformance of the high ESG Momentum versus the

low ESG Momentum quintile, we are presenting the main part of our analysis in the subsequent

paragraphs. As indicated in our hypothesis in section 3.5, our goal and main contribution is to

integrate the ESG Momentum as an additional factor into the Fama French framework alongside

the four factors of the Carhart (1997) paper. We are hereby aiming to add explanatory power

to the model by including a statistically significant ESG Momentum factor which helps explain

the performance attribution to each of the factors. All of the analyses and regressions below are

conducted for Europe and the U.S. separately and with factors constructed over the time frame of

2010 until 2019 in line with our cumulative performance analysis in Figure 7.
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For this purpose, it is essential to first look at the summary statistics of the created five factor

portfolios created based on the methodology outlined in 5.3. This summary statistics include

monthly excess returns of each of the factor portfolios as well as cross-sectional correlations between

them. While the first one helps estimating each factor’s possible impact on explaining portfolio

returns in the main regression, the latter ensures we are not exposed to any kind of biases due to

multicollinearity. This issue will be further addressed below in Section 6.4. Table 7 and Appendix

IV present these summary statistics for the factor portfolios of the European and the U.S. market

respectively.

Table 7: Cross-Correlations on Factor Portfolios Europe

Factor
Portfolio

Monthly
Excess Return

Std.
Dev.

Cross-Correlations
MRKT Excess SMB HML PMOM ESGMOM

Mrkt Excess Return 0.98% 3.26% 1.00
SMB 0.37% 1.16% 0.31 1.00
HML -1.42% 3.03% 0.29 0.24 1.00
Price Momentum 0.43% 3.27% -0.36 -0.27 -0.68 1.00
ESG Momentum 0.02% 1.18% -0.02 -0.04 -0.20 0.29 1.00

The table above exhibits the average excess return as well as the standard deviation for each of the factor
portfolios created for the 4- and 5-factor regressions. Additionally, the table shows the cross-correlation
matrix of the factors.

The low cross-correlations between the factors and the market proxy depicted in Table 7 for Europe

indicate that multicollinearity does not have a large effect on models containing these factors. In

particular it is striking that especially the ESG Momentum exhibits imperceptible correlations of

below 12% with all of the factors. The only exception from all low cross-correlations is the relationship

between the HML and price momentum factor which is largely negative. Similar observations can be

made when looking at Appendix IV and the corresponding factor correlations for the U.S.. While

all the cross-correlations between the factor portfolios are sufficiently small, especially for the ESG

Momentum factor, there is the same high negative outlier for the cross-correlation of the HML and

Price Momentum factor.

With respect to the monthly excess returns on the factor portfolios in Europe we can observe that

all of the initial four Carhart (1997) factors are large in size. Correspondingly, they seem to account
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for a lot of the cross-sectional variations in the mean of portfolio returns. The ESG Momentum

factor portfolio’s monthly excess return, in contrast, is with 0.02% quite small. Looking at the

outperformance graph in Figure 7 once again, this small monthly return might be a result of the

negative period between 2015 and 2017 which presses down the return close to zero on a monthly

basis. However, with respect to the standard deviation, all four factors seem to have a quite large

variance compared to the ESG Momentum factor portfolio. This means that, even though the

ESG Momentum factor does not account for a lot of variation in mean portfolio returns, it might

still contribute with an economically small but stable and on average positive effect on portfolios.

Looking at the U.S. table in Appendix IV the pattern is once again quite similar. While all of

the initial four Carhart (1997) factors might be able to explain a large share of the cross-sectional

variations in mean portfolio returns, they also show substantially higher variances. In this case, the

price momentum factor, however, has a surprisingly low average monthly excess return. The ESG

Momentum factor conversely, seems to have, with an average monthly excess return of high ESG

Momentum firms of 0.13%, a larger economic impact compared to Europe. In both regions though,

the monthly excess return of the ESG Momentum factor portfolio therefore indicates the tendency

of high ESG Momentum firms outperforming low ones.

6.3.1 ESG Momentum Quintile Portfolios

Our first part of the regression analysis consists of the regression of the five quintiles based on

ESG Momentum on our Carhart (1997) four factors. As we tested the cumulative performance of a

long-short portfolio in the highest and lowest ESG Momentum quintile depicted in Figure 7, the

purpose of this regression is to replicate this outperformance hypothesis on a monthly basis. We

therefore estimate the difference in monthly excess return of the highest and lowest ESG Momentum

quintile to assess whether there is a significant positive excess return associated with a high ESG

Momentum factor.

In addition, we are further testing whether this outperformance is explained by the four model

factors or whether there is significant alpha in one or more of the ESG Momentum quintile portfolios.

As explained in section 5.4.1 and in line with our hypothesis, we would hereby expect the lowest

ESG Momentum quintile (Q1) to show a significant negative alpha whereas the highest quintile

should exhibit a significant positive alpha. This pattern would indicate a negative abnormal return
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associated with the worst ESG score development and a positive abnormal return for the highest

ESG score improvement which is not explained by our four factors in the model. This in turn

would suggest the ESG Momentum as the source of outperformance justifying its integration as an

additional factor, accounting for this anomaly and explaining the abnormal returns. Furthermore,

by means of this regression we are able to compare factor exposures across quintiles which gives

further insight into the composition of the ESG Momentum portfolios.

Table 8: 4-Factor Regression On ESG Momentum Quintiles Europe

Decile
Monthly

Std. Dev. Alpha
Market

SMB HML
Price

Adj. R2
Excess Return Excess Return Momentum

1 (low) 0.42% 4.69% 0.51%* 0.862*** -0.003 0.599*** 0.062 79.3%
(1.69) (10.28) (-0.02) (5.33) (0.57)

2 0.36% 4.37% 0.16% 0.891*** 0.031 0.426*** 0.114 74.9%
(0.55) (10.62) (0.15) (3.8) (1.06)

3 0.46% 4.30% 0.32% 0.81*** -0.096 0.417*** -0.019 70.7%
(1.07) (9.67) (-0.45) (3.71) (-0.17)

4 0.39% 4.58% 0.33% 0.826*** -0.102 0.413*** -0.063 73.5%
(1.09) (9.85) (-0.48) (3.68) (-0.58)

5 (high) 0.48% 4.76% 0.49%* 0.895*** 0.134 0.63*** 0.147 76.7%
(1.70) (10.68) (0.63) (5.61) (1.37)

5-1 0.06% 1.25% -0.02% 0.033 0.138 0.031 0.086 5.0%
(0.0412) (-0.53) (0.79) (1.24) (0.56) (1.55)

The table above presents the regression of the monthly excess return of five quintile portfolios based on
the ESG Momentum factor regressed on the traditional four Carhart factors. The regression covers the
data frame from 2010 to May 2019 and includes data for the European market. T-statistics are given in
parenthesis below the coefficient. The asterisks behind the coefficients indicate the significance level: ∗p<0.1;
∗∗p<0.05; ∗∗∗p<0.01

Table 8 presents the actual result with respect to our above explained approach for the European

sample. As we can see from the last row of the table, depicting the long-short portfolio consisting

of the highest and lowest ESG Momentum quintile, there is no significant monthly excess return

associated with our ESG Momentum strategy. In contrast to the observation in our outperformance

graph, the return pattern on a monthly basis does not appear equally strong. In line with the

monthly excess return of the ESG Momentum factor portfolio in Table 7, the difference in monthly

excess return of the quintile portfolios is with a spread of 0.06% economically small and statistically
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insignificant. Likewise, against our expectations, we do not estimate a significant alpha for our

long-short strategy since both of the quintiles exhibit a similar positive alpha of 0.5% on the 10%

significance level. This observation of an unexplained positive outperformance in both portfolios

could possibly be traced back to the composition of the quintiles. The lowest quintile might for

example contain a lot of sin stocks which are according to Hong & Kacperczyk (2009) carrying a

neglect or risk premium in returns. Furthermore, the higher return could stem from well performing

high ESG score stocks which have difficulties further improving their ESG profile and are therefore

sorted into the lowest quintile. For the highest quintile, we could similarly argue that it only contains

the prime ESG Momentum stocks which indeed have a higher performance and therefore trigger

the positive alpha. These explanations are of course just a presumption and would need more

investigation in order to be confirmed with certainty.

Looking at the U.S. output in Appendix V, we do estimate a larger difference in monthly excess

return of Q5 and Q1 compared to Europe. With a spread of 26 basis points the highest ESG

Momentum quintile outperforms the lower quintile, even though this difference is insignificant as well.

Just as in Europe both extreme quintile portfolios hereby exhibit a positive significant alpha which

stands in contrast to our initial hypothesis. As explained above there might be several plausible

reasons for this unexplained performance in these portfolios such as the sin stock premium in the

lower quintile and the superior ESG performance in the upper one.

With respect to the factor exposures in each of the two samples, we can come to similar con-

clusions for both regions. First, in both cases the market excess return represents the most significant

factor in the model with consistently large coefficients across the quintile portfolios. Each quintile of

the ESG Momentum strategy therefore has approximately the same positive exposure to market

movements, which explain a large portion of the variation in returns across the portfolios. Apart from

that we observe a mixed and inconsistent pattern for the other factors. While the stock momentum

and the SMB are statistically insignificant for almost all of the quintile portfolios in the U.S. and

Europe, the HML factor at least indicatse some explanatory power of the portfolios’ returns in

Europe. Here the portfolios exhibit a highly significant positive loading on the HML factor which

paired with its monthly excess return of -1.72% depicted in Table 7 explains some downward pressure

on the portfolios’ overall monthly returns. Since all of the coefficients are quite similar across the

five portfolios, however, it is not the reason for the difference in performance between Q5 and Q1 in
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Europe. In the U.S. sample conversely, none of the three additional factors, with the exception of

a few coefficients, seems to contribute to the performance of the ESG Momentum portfolios. The

main driver of returns is here the market excess return which potentially might incorporate other

omitted variables like the ESG Momentum itself.

Overall, the results for both regions suggest that most of the performance of each quintile is

driven by the market excess return, since the other factors are mostly statistically insignificant except

for the European HML factor. Furthermore, we can not observe any systematic pattern with respect

to the factor loadings of the ESG Momentum portfolios which would help us understand varying

exposures to certain type of stocks and thereby the composition of each of the portfolios. This in

turn further implies that none of the four factors are able to explain the spread in the monthly

excess returns of the two extreme quintiles. Since the R2 are with 5% for the European sample and

8.6% for the U.S. sample remarkably low, there seems to be a lot of potential for increasing the

model’s explanatory power with an additional factor.

For this reason we will in the subsequent regressions still test the implementation of our ESG

Momentum factor as an additional explanatory variable. Even though the outperformance of the

long-short portfolio in both markets is not significant, we still see a positive abnormal return in the

highest and lowest ESG Momentum quintile. This indicates that some part of the performance of the

extreme quintile portfolios cannot be explained by the traditional factors and might correspondingly

be traced back to the ESG dimension. Generally speaking, the analysis above has demonstrated the

complexity and difficulty of explaining the performance patterns of the ESG Momentum investment

strategy. The complexity of the ESG topic in a whole will be addressed in the discussion part of our

results considering all the possible factors impacting and driving the results above.

6.3.2 Return-Sorted Portfolios

As outlined above for the sake of completeness, we will in this part of our analysis test the imple-

mentation of our ESG Momentum factor into the 4-factor model. As outlined in our methodology,

we are creating ten decile portfolios based on the stocks’ lagged one-year return whose monthly

excess return is used as the dependent variable. Our output therefore compares the regression of the
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performance decile portfolios on the four Carhart (1997) as well as the five factors including our

ESG Momentum. We thereby hope, by integrating the additional factor, to increase the explanatory

power of the model in form of an increased adjusted R2 and lower mean absolute errors (MAE).

Table 9: 4-Factor Regression On Lagged One-Year Return Europe

Decile
Monthly

Std. Dev. Alpha
Market

SMB HML
Price

Adj. R2
Excess Return Excess Return Momentum

1 0.24% 7.11% 1.03%*** 0.927*** 0.079 0.749*** -0.748*** 83.5%
(3.3) (11.8) (0.39) (6.97) (-7.32)

2 0.16% 6.17% 0.61%* 0.952*** -0.061 0.662*** -0.5*** 83.5%
(1.95) (12.12) (-0.3) (6.16) (-4.89)

3 0.26% 5.07% 0.19% 0.894*** -0.197 0.37*** -0.418*** 79.8%
(0.62) (11.38) (-0.96) (3.45) (-4.09)

4 0.31% 4.72% 0.07% 0.935*** -0.153 0.351*** -0.166 74.2%
(0.21) (11.9) (-0.74) (3.27) (-1.63)

5 0.35% 4.69% 0.36% 0.882*** -0.24 0.535*** -0.017 71.3%
(1.14) (11.23) (-1.17) (4.98) (-0.17)

6 0.50% 4.39% 0.18% 0.943*** -0.255 0.41*** 0.097 71.0%
(0.58) (12.0) (-1.24) (3.82) (0.95)

7 0.49% 4.21% 0.22% 0.913*** -0.221 0.447*** 0.197* 70.5%
(0.70) (11.62) (-1.07) (4.16) (1.93)

8 0.52% 3.99% 0.24% 0.879*** -0.123 0.439*** 0.319*** 68.0%
(0.77) (11.19) (-0.60) (4.09) (3.12)

9 0.73% 4.33% 0.34% 1.005*** -0.113 0.489*** 0.486*** 71.1%
(1.08) (12.79) (-0.55) (4.55) (4.75)

10 0.53% 4.39% 0.47% 0.96*** 0.205 0.65*** 0.65*** 73.0%
(1.52) (12.21) (1.00) (6.05) (6.36)

10-1 0.29% 5.27% -0.62%** 0.034 0.129 -0.099 1.400*** 71.2%
(0.595) (-2.22) (0.49) (0.70) (-1.04) (15.35)

The table above describes the regression of the monthly excess returns of ten decile portfolios based on
lagged one-year performance on the traditional four Carhart factors as well as the ESG Momentum factor.
The regression covers the data frame from 2010 to May 2019 and includes data for the European market.
T-statistics are given in parenthesis below the coefficient. Asterisks behind the coefficients indicate the
significance level: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01.

Table 9 depicts our 4-factor results for Europe while the outcome for the U.S. market is shown in

Appendix VI. As can be seen in the first column both of the sample’s monthly excess return of the

portfolios have by construction an increasing pattern with the rank of the decile portfolio. However,
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this pattern is not entirely monotonic but has a few outliers. For Europe, in Table 9, we can observe

that the first and thereby worst performing decile portfolio is higher than expected by construction.

In accordance with that it exhibits a positive significant alpha of 1.03% on a 1% significance level.

We similarly observe a lower than by portfolio rank indicated monthly excess return for the highest

decile portfolio, which similar to decile 1 has an unexplained, albeit insignificant, abnormal return of

0.47%. Looking at the long-short portfolio consisting of these two tail portfolios, we still observe

an outperformance of the highest decile of 0.29% but also measure a difference of -0.62% between

the two alphas on a 1% significance level. This result therefore indicates that there is an abnormal

negative return on this long-short portfolio which is not explained by the model.

Similar observations can be made for the U.S. sample in Appendix VI in which we as well find a

positive alpha for decile 1 on a 1% significance level. Looking at decile 10 we can in this case even

observe a negative, albeit insignificant, abnormal return of the portfolio. Translating this into our

long-short portfolio though, in fact yields an outperformance of 0.21% but also a negative and on

the 1% level significant alpha of -0.91%. Consequently, we estimate a by the model unexplained

return on the long-short portfolio consisting of the highest and lowest performing decile for both,

the U.S. and Europe.

As suggested by Carhart (1997), we can use the remaining factor exposures to investigate each

factor’s contribution to the portfolio’s performance and the spread between decile 10 and 1. For

Europe, most of the spread between the two portfolios, depicted in Table 9, seems to be explained

by the stock momentum factor indicated by the high t-statistics of its factor in the long-short

portfolio. Similar to the pattern we can observe in the Carhart (1997) paper, the loading of the

momentum factor systematically changes with the rank of the decile portfolio. While the lowest one

has a large negative loading on the stock momentum, the highest decile exhibits a large positive

exposure towards the factor. This in turn means that the lower deciles are exposed to past winner

stocks performing poorly over the holding period, whereas for the upper deciles the usual stock

momentum hypothesis counts. This pattern across the deciles is hereby not surprising since by

construction the lowest deciles are the worst performing ones and thereby contain the worst stocks.

As the monthly return on the momentum factor portfolio is 0.43% as depicted in Table 7 the spread

between the highest and lowest decile coefficients of 1.4 explains a large portion of the performance

of the long-short portfolio.

Page 82 of 104



For the other factors in the European sample we cannot observe any systematic exposures of the

decile portfolios. While the market excess return is, as usual, highly statistically significant with

coefficients close to 1, none of the coefficients of the SMB factor are significant. As a result the

difference in return between large and small firms does not impact portfolio returns. In our data

sample this is not particularly surprising since, as described in our data section 4, our data set

excludes small cap firms. We therefore do not expect a particular size effect across portfolios.

Besides the market excess return, the HML factor exhibits statistically significant coefficients on

the 1% level. All portfolios hereby exhibit a positive loading on the HML factor indicating they are

behaving as value portfolios. Even though the coefficients are highly statistically significant, there

is no systematic pattern observable across portfolios. In general, none of the factors besides the

momentum factor shows a significant difference of coefficients in the long-short portfolio implying

that they are not able to explain the spread in return between the highest and lowest decile.

For the U.S. the picture in Appendix VI looks slightly different. Here all factors seem to con-

tribute to the outperformance of the long-short portfolio since they exhibit highly significant

differences in coefficients between decile 10 and 1. The most prominent factor is hereby again the

price momentum which is negative for the lower deciles and positive for the higher ones, in line

with the findings of Carhart (1997). In general though its economical impact is rather small since

the average monthly excess return on the factor portfolio is only 0.07% according to Appendix

IV. Considering the market excess return coefficients which are very consistent across portfolios in

Europe, we can recognise an increasing pattern with the portfolio rank in the U.S. sample. While

the beta in decile 1 is only 0.95, it is 1.10 in decile 10 indicating a larger share of high beta and thus

riskier stocks in the upper decile.

For the SMB and HML factor many of the coefficients of the decile portfolios are insignificant

on the 10% level thereby not contributing much to the portfolios’ performance. Nevertheless, we

can observe a significant difference in coefficients for the long-short portfolio in decile 10 and 1.

With respect to size, decile 10 seems to have, compared to decile 1, less exposure to small stocks

which over the investment period were outperformed by large firms by on average -0.37% per month

(Appendix IV). Similarly, decile 10 exhibits a negative loading on the value factor, meaning it’s

behaved like a growth portfolio, in contrast to decile 1 whose loading is positive. Since the average
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monthly excess return on the value factor portfolio is -1.45%, the difference in factor loadings of the

two components of the long-short portfolio explain a considerable part of its outperformance.

Table 10: 5-Factor Regression On Lagged One-Year Return Europe

Decile
Monthly

Std. Dev. Alpha
Market

SMB HML
Price ESG

Adj. R2
Excess Return Excess Return Momentum Momentum

1 0.24% 7.11% 1.03%*** 0.927*** 0.080 0.750*** -0.749*** 0.018 83.5%
(3.35) (11.9) (0.39) (7.01) (-7.40) (0.08)

2 0.16% 6.17% 0.63%** 0.935*** -0.056 0.692*** -0.52*** 0.421* 84.1%
(2.05) (12.01) (-0.27) (6.47) (-5.14) (1.95)

3 0.26% 5.07% 0.22% 0.874*** -0.191 0.405*** -0.441*** 0.49** 81.0%
(0.71) (11.23) (-0.94) (3.79) (-4.36) (2.27)

4 0.31% 4.72% 0.09% 0.915*** -0.146 0.387*** -0.19* 0.507** 75.5%
(0.30) (11.74) (-0.72) (3.62) (-1.88) (2.35)

5 0.35% 4.69% 0.38% 0.864*** -0.234 0.569*** -0.039 0.467** 72.5%
(1.23) (11.09) (-1.15) (5.32) (-0.38) (2.17)

6 0.50% 4.39% 0.21% 0.923*** -0.249 0.444*** 0.075 0.478** 72.5%
(0.67) (11.86) (-1.23) (4.15) (0.74) (2.21)

7 0.49% 4.21% 0.25% 0.889*** -0.213 0.491*** 0.169* 0.617*** 73.2%
(0.81) (11.41) (-1.05) (4.59) (1.67) (2.86)

8 0.52% 3.99% 0.25% 0.868*** -0.120 0.458*** 0.307*** 0.266 68.6%
(0.82) (11.15) (-0.59) (4.29) (3.03) (1.23)

9 0.73% 4.33% 0.36% 0.988*** -0.107 0.52*** 0.466*** 0.431** 72.3%
(1.17) (12.68) (-0.53) (4.86) (4.6) (2.0)

10 0.53% 4.39% 0.49% 0.95*** 0.208 0.667*** 0.639*** 0.241 73.4%
(1.58) (12.20) (1.03) (6.24) (6.31) (1.12)

10-1 0.29% 5.27% -0.60%** 0.026 0.132 -0.083 1.390*** 0.223 82.6%
(0.595) (-2.19) (0.36) (0.72) (-0.86) (15.19) (1.14)

The table above describes the regression of the monthly excess returns of ten decile portfolios based on
lagged one-year performance on the traditional four Carhart factors as well as the ESG Momentum factor.
The regression covers the data frame from 2010 to May 2019 and includes data for the European market.
T-statistics are given in parenthesis below the coefficient. Asterisks behind the coefficients indicate the
significance level: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01.

Even though part of the outperformance of the long-short portfolio in decile 10 and 1 can be

explained by the factor exposures of the model, we still remain with a significant alpha for both

samples. By integrating our additional factor, the ESG Momentum, we hope to explain part of

the alpha and add explanatory power to the model. The latter point can easily be evaluated by

comparing the 4-factor and 5-factor ESG Momentum model’s error measure metrics. We hereby

use, on the one hand, the common measure of the adjusted R2 which measures the proportion of
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the variation in our portfolio returns which can be explained by the model parameters. On the

other hand, we apply the metric of the mean absolute error (MAE) which measures the average size

of the errors in the model. As we can observe by comparing Table 9 and 10 as well as Appendix

VI and Appendix VII, the adjusted R2 increases in both sample from the 4- to the 5-factor model

specification. In particular, the average value in Europe increases from 74.6% to 76.3%, while in the

U.S. from 88.6% to 89.7%. Similarly, the MAE metric for both of the regions significantly decreased

from an average of 1.87% and 1.34% for the 4-factor to 1.31% and 1.02% for the 5-factor model in

Europe and the U.S. respectively.

Looking at the factor exposures more closely, it is apparent that most of the 4-factor coefficients

did not change when we added the fifth factor, our ESG Momentum. This is also in line with

our findings in Table 7 and Appendix IV in which the ESG Momentum factor shows only small

cross-correlations with the remaining 4 factor portfolios. Evidently, the integration of the additional

factor did not bias their coefficient estimates.

In general, the effect of the integration of the ESG Momentum factor in Europe is larger compared

to the U.S. with seven out of ten significant coefficients depicted in Table 10. All of these factors are

significant at least on the 5% level and are condensed in the middle range of the decile portfolios, in

line with the largest increases in the adjusted R2. With the exception of some outliers most of the

coefficients range between 0.42 to 0.5, thereby delivering a consistent contribution to the portfolios’

returns. Since the monthly excess return of the ESG Momentum factor portfolio is only 0.02%

though, the size of the impact is economically notably small. Nevertheless, the result shows that the

decile portfolios seem to have approximately the same positive loading on our ESG Momentum factor

underlining its consistent positive, albeit small, contribution to all of the portfolios. Correspondingly,

since the ESG Momentum does not show a particular pattern across portfolios, it is not the main

driver of performance and cannot explain large variations in returns. With respect to the spread

between the coefficients of decile 10 and 1 we can further see that even though the highest decile

has a larger loading on the ESG Momentum factor, the difference is not statistically significant.

As a result, the alpha of the lowest decile portfolio as well as the one of the long-short portfolio is

persistent and significant and not explainable with our implemented factor.
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Looking at the U.S. sample in Appendix VII, we can make similar observations of the persisting

significant alphas in the highest and lowest decile as well as the long-short portfolio. Consequently,

the ESG Momentum factor is here as well not able to explain this abnormal return. Even though

the implementation of the ESG Momentum factor increases the adjusted R2 and improves other

error metrics, it does not seem to add any explanatory power. In contrast to Europe, the coefficients

appear way less significant with only two out of ten above the 10% and 5% significance threshold.

The striking thing, however, is that the most significant coefficient can be found in the highest decile

10, contributing a positive amount to the overall return of the portfolio.

Interpreting the coefficient on the ESG Momentum, it says that for every 1% of high ESG Momentum

firms outperforming low ones, the factor adds 30 basis points to the performance. Since the monthly

excess return on the ESG Momentum factor portfolio is 0.13% on average, around 4 basis points

of the 1.56% portfolio return can be attributable to the ESG Momentum factor. This is of course

a small contribution of our ESG Momentum factor, but it might in turn reflect the composition

and significant exposure to high ESG Momentum firms of the highest performing portfolio in the

U.S.. Despite this positive impact, it is notable that compared to the European sample there are

many negative coefficients across the portfolios indicating that low ESG Momentum firms might be

predominating in those portfolios. Put differently, with the exception of the best performing decile

portfolio, the loading on the ESG Momentum is in most cases negative indicating these portfolios

behave like low ESG Momentum funds.

Following this train of thought, our regression analysis of the two separate samples might sug-

gest systematic differences in implications of our ESG Momentum factor for the two geographical

regions. Considering the results, Europe seems more responsive to our factor by exhibiting consistent

positive loadings on the factor and many significant estimates. The U.S., in contrast, shows only

little significance or positive impact of our ESG Momentum factor with the exception of the highest

performing portfolio. Consequently, this might indicate a lack of awareness for the performance

enhancing impact of an improvement in ESG scores in the U.S. market, in line with predictions from

Amel Zadeh & Serafeim (2018). Likewise, the on average positive monthly excess return on the ESG

Momentum factor portfolio does not add but subtract value from most of the portfolio’s return.

For Europe, conversely, our findings might have important implications with respect to the ESG

Momentum investment strategy. Even though the ESG Momentum factor is not the main driver of

Page 86 of 104



portfolio performance, the regression results suggest a positive impact of using the ESG Momentum

as an additional screening tool in portfolio construction.

6.3.3 Industry Breakdown

To go further into detail regarding our positive findings in the European market, we are now breaking

down our entire analysis to two specific industries in that region. In this relation we are investigating,

if the results substantially differ when analysing a single industry with respect to its material pillar.

As suggested by Khan et al. (2016) the impact of the pillars on the performance of firms within

a specific industry is dissimilar and highly depends on the importance of the pillar for the sector.

Similarly, we do believe that an improvement in the score of the industry’s material pillar will have a

larger impact on performance than an increase in the other two. To test this hypothesis we decided,

as outlined in our methodology, to replicate our analysis for the Utilities and the Financial sector

which are most exposed to the environmental and governance pillar respectively.

Appendix VIII and Appendix IX first depict our 4-factor model regression with respect to the

Momentum quintile portfolios as dependent variable. The quintile portfolios are in contrast to before

now constructed based on the material pillar’s change in ESG score. For Utilities we therefore use the

E Momentum, while for Financials the G Momentum as basis for portfolio construction. Compared

to our initial results for the European market, we can now observe a relatively high outperformance

of the highest quintile in the Utilities sector, but a considerably low one with respect to the highest

quintile in the Financial sector. The E Momentum factor therefore seems to have an a lot larger

impact compared to the G Momentum in their respective industry. This is further reflected by the

average monthly excess return on the factor portfolio which is 0.29% for the E and 0.13% for the G

Momentum. The impact of integrating the additional Momentum factors for the three pillars might

accordingly be way more significant for the Utilities than for the Financial sector.

Looking at the output of our ESG-integrating model specifications, provides insight on the differences

between the two sectors and the relevancy of the pillars for predicting returns. In particular, it is

striking that the adjusted R2 in the Financial sector is much higher than in the Utilities sector for

the quintile as well as the decile regressions. This in turn suggests that the financial performance of
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firms within Utilities is dependent on more aspects than covered by the four initial Carhart (1997)

factors and therefore appears more complex. This is also reflected by the systematically lower betas

for this sector since the returns of the portfolios move with the market to a less extent compared

to the Financial sector. This is a common observation of the Utilities or Energy sector, since their

industries are less dependent on overall market movements.

The main focus of this analysis, however, are the coefficients on the three pillars and their impact

on performance of the decile portfolios depicted in Appendix X and Appendix XI. By means of

the Utilities sector, we can confirm our hypothesis of a larger impact of the environmental pillar

compared to the other two. While the coefficients for the E Momentum pillar are all positive and

in some case even statistically significant, the coefficients on the S or G Momentum are either

considerably small or even negative. This means that the portfolio performance within the sector

positively depends on the outperformance of high E Momentum firms and the related improvement

in the environmental pillar. Similarly, the portfolio’s performance is mostly negatively correlated

with an outperformance of firms due to improvements in their social or governance pillar. In other

words, the portfolio performance within the Utilities sector increases in case low S and G Momentum

firms are outperforming their peers which highly improved their score in this pillar. This result

consequently underlines the importance of the environmental pillar for the Utilities sector and the

financial performance of its constituents since firms with a higher return due to a high E Momentum

exhibit performance-enhancing effects on the decile portfolio return.

For the Financial sector the result of the regression is not that distinct and obvious. While the social

pillar still has an either low or negative insignificant impact, the other two pillars both show some

positive, as well as significant influence on portfolio performance. Even though the coefficients are

small in size they, in the majority of cases, predict a positive impact of firms with a high E or G

Momentum outperforming peers with a low degree of improvement in these pillars.

Considering the explained results above, we can conclude that the material pillar of a sector

seems to have a higher influence on the financial performance of the sector’s constituents compared

to the other two pillars. This interpretation is especially plausible when looking at the distinct

results of the Utilities sector and the environmental pillar. While the decile portfolio returns are

increasing with high E Momentum firms outperforming low ones, there is a negative impact of
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the same outperformance of firms associated with a high G or S Momentum. The Utilities sector

which is highly dependent on carbon emissions and therefore exposed to environmental risks and

regulatory changes, values an improvement of the environmental pillar score and related performance

enhancements. For the Financial sector the result for the material pillar is not that significant and

distinct. However, due to the extensive impact of climate change on every industry, we can expect a

positive effect of a score improvement in the environmental pillar for almost all sectors. Since banks

are increasingly offering solutions for environmental friendly investing, such as green bonds, the

positive loadings on the E Momentum in the Financial sector still seems reasonable.

Note, that we do not find many significant estimates but rather interpret the loadings on the three

pillar factors in the regression. The lack of significance could hereby be traced back to our rather

small sample sizes, since we are only looking at a specific industry within the European market. This

and other aspects influencing our results are further addressed in the upcoming discussion section.

6.4 Robustness Checks

To validate the above presented results, we perform several robustness checks as outlined in section

5.5. First, we want to check if our results are robust towards small changes in methodology such as

portfolio construction and our chosen time frame. This analysis focuses on the 5-factor regression

where we extend the Carhart (1997) 4-factor model to include our constructed ESG momentum

factor for the European and U.S. market. We subsequently report on the econometric tests performed

on our models, where we further investigate the 4-factor model. In relation to these tests, we have

provided a few output tables in the Appendix for illustration.

A first confirmation of our results is that the choice between value- or equal-weighted portfo-

lios does not appear to have an impact on the regressions in our analysis, as the significance of the

coefficients are robust against this change in methodology. For Europe, we still have significant coef-

ficients for the ESG Momentum in the mid-range of return portfolios, while the other factors behave

similar as well. Similarly, the coefficients for the U.S. behave as described in the above-outlined

sections. This provides some evidence of the portfolio construction not driving the results.

In terms of the chosen time frame, the significance observed across the decile portfolios for the ESG

momentum factor in the European sample disappears when restricting the included observations to
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start in 2013. However, the sign of the coefficient remain positive. These changes in coefficients might

be a result of the smaller sample size due to the limited time frame that causes the factor to become

insignificant for all portfolios. Furthermore, the coefficients seem more similar in size in response

to the test, all ranging between 0.39 and 0.59 across portfolios. The reduced predictiveness of the

model can further be traced back to the loss of significance in the coefficients of the market excess

return as well as the HML factor. With regard to the price momentum factor, four of the middle

decile portfolios now have a p-value above 10%. When we instead increase the sample to contain all

observations back to 2006, the signs of the coefficients are similar to those of our main analysis, with

slightly stronger significance for all factors in the model. However, for the ESG Momentum factor,

coefficients decreased in significance confirming our choice of time frame in the main analysis.

Similarly, for the regressions based on the U.S. sample, the ESG Momentum receive ambiguous

results when including observations starting from 2013. The remaining factors exhibit the same

direction, as the signs remains constant, but the significance has decreased. When extending the

timeframe back to 2006, the ESG Momentum coefficients turn negative for nine out of ten decile

portfolios, though only decile 1 and 9 are significant. Decile 10, on the other hand, returns a positive

significant coefficient. Even though the signs of the coefficients are hereby similar to the main

analysis again, their significance decreased as in the European sample.

Thus, it is not evident that our chosen time frame does not impact our results in any way, but

without clearer indications of changes in the results, we still find our choice reasonable given the

data available. One explanation might be that with improved data quality, we can see a more

homogeneous ESG Momentum effect across the portfolios after 2013. Furthermore, it is reasonable

to assume that the financial crisis of 2008 impacts the ESG Momentum pattern to a large extent

and permanently affected the way ESG information translate into returns.

However, what can be observed, is that when we perform the analysis on the largest 200 firms in

terms of market cap, in both of the two markets some of the significance disappears. This might

suggest that size effects are driving parts of the results. Since larger firms are also associated

with a higher ESG profile, their ESG Momentum might be accordingly low due to the difficulty of

improving their high rating. As a result the factor portfolios might be even less significant in their

outperformance than before. In general, however, it is difficult to make these assumptions based on

results from regression with such a restricted sample size.
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For the econometric and model technical aspects, we perform a few tests to make sure the as-

sumptions needed for unbiased and efficient results hold. We test for the presence of autocorrelated

error terms in the models using the Breusch-Godfrey test up to 12 lags. The p-value is above the

10% level for all the regressions for all decile portfolios in both Europe and the U.S., as can be seen

in Appendix Appendix XII and Appendix XIII. We thus fail to reject the null hypothesis of no

autocorrelation and proceed with looking for heteroskedasticity by performing the Breusch-Pagan

test. Besides a few exceptions, which include the lowest decile portfolio for Europe and decile 5 of the

U.S. sample, all p-values are above 10%, and we fail to reject the null hypothesis of homoskedastic

error terms in our models. These results are reported in Appendix Appendix XIV and Appendix

XV. Based on this, we find fairly good grounds to assume that we do not need to worry about

autocorrelation and heteroskedasticity biasing our results. As a last check point, we compute the

VIF for all portfolios which can be found in Appendix Appendix XVI and ??. We find all factors to

be between 1 and 2 for the variables in our regressions. The level of multicollinearity does therefore

not appear to be a concern, as further confirmed by the factor correlations presented in Table 7 and

Appendix IV.

7 Discussion, Caveats and Further Research

The centre of our research question is the investigation of the ESG Momentum factor and its

implementation in a factor investing framework. While the previous section presented our main

results on the analysis, this section will reflect upon our approach as well as discuss the implications

of our findings in the light of our chosen research philosophy. Furthermore, under consideration of

data availability and further limitations to our study, we will outline the shortcomings of this thesis

and propose possible extensions of our research.

7.1 Discussion of Results

While the results in the first part of section 6 represent replications of findings from other papers, the

second part builds our main contribution to integrating ESG and its Momentum into the investment

processes. Since we are using previous literature as guidelines for the first part and customise the

methodology to our research questions, we critically question our approach and discuss potential
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impacts on results in our robustness analysis in section 6.4. Albeit these details on our analytical

setup are crucial and might to some extent be decisive of our results, we further need to make a

more qualitative evaluation of our approach with respect to the second part of our results. The next

paragraphs therefore discuss some general aspects regarding the investigation of the ESG Momentum

strategy which make a holistic assessment of the impact of all its dimensions on investment decisions

difficult.

The first aspect concerns the intuition behind the ESG Momentum factor that measures a firms

efforts to improve its ESG profile and which is used as the analytical basis for classifying a firm

within the high or low performance range. As our ESG Momentum investment strategy predicts,

firms with a high ESG Momentum, meaning they have a significant increase in their ESG profile,

will outperform firms with low ESG Momentum values. This hypothesis though, refers only to the

influence a change in ESG score has on returns, while ignoring the positive impact of the raw ESG

score on financial performance as estimated by []. For clarification of this point, it makes sense to

think about what types of firms portfolios of high and low ESG Momentum respectively would be

composed of. The low ESG Momentum portfolio, on the one hand, consists of controversial firms

or even sin stocks which do not invest any efforts to reach a higher rating. On the other hand,

however, it might also include sustainability pioneers with an ESG score close to 10 for which it is

increasingly difficult to improve their ESG profile even more. As a result, both of these types of

firms might contribute to the lower ESG Momentum portfolio having a higher return than initially

expected by the hypothesis of the investment strategy. While the high ESG score firms might boost

returns in line with the prediction of [], sin stocks in this portfolio could earn a positive neglect or

risk premium (Hong & Kacperczyk, 2009). Looking at the high ESG Momentum portfolio, it is

furthermore likely to be comprised of initially low or middle range ESG score companies for which

it is comparatively easy to achieve a better rating. Consequently, since high ESG Momentum is

not necessarily associated with high ESG score firms but rather with middle or even low ranked

companies, our investment strategy might sort firms mistakenly into one performance portfolio

without considering all its ESG dimensions.

Similarly, there might exist substantial differences across industries and how their efforts are trans-

lated into score improvements. While for low rated energy companies a small adjustment in their

business model in response to regulatory changes might yield a significant increase in their ESG
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rating, the efforts for other industries might be considerably larger to achieve the same increase.

This might in turn lead to industry tilts within a certain ESG Momentum portfolio, biasing its

returns and impacting our outcome with respect to the predicted outperformance of high versus low

ESG Momentum firms.

As a result of these possible biases, there might be opposing forces on returns within the portfolios

leading to less distinct performance patterns. Applying this to our results in section 6, this statement

might provide explanation for the positive abnormal return in form of alpha we found for both,

the highest and lowest ESG Momentum quintiles, which mitigate the outperformance associated

with the ESG Momentum strategy. In general, however, to be sure which of these biases apply, it is

necessary to analyse the portfolios’ composition in more detail with respect to firm characteristics,

industries and ESG profiles.

The second aspect addresses our main analysis and the integration of the ESG Momentum as

an additional factor in the Carhart (1997) 4-factor equity model, for which we use the stock mo-

mentum as a close inspiration for the construction methodology of the factor portfolio. Similar to

the setup of Carhart (1997), we analyse the implementation of our ESG Momentum factor by means

of the decile portfolios on lagged one-year returns to be able to compare the contribution of each

factor to each decile portfolio’s return. Due to our regression setup, we expected to observe a similar

systematic pattern in our ESG Momentum as in the stock momentum across portfolios making an

attribution of portfolio performance possible.

Comparing our results presented in section 6 with respect to the coefficients of the two factors,

however, does not yield the same explanatory power of estimated coefficients. While the price

momentum monotonically increases its coefficients from the worst to the best performing portfolio,

thereby contributing to each portfolio’s performance by its different loadings, the coefficients of

the ESG Momentum are rather flat across portfolios and insignificant at times. Considering the

complexity of the two factors though, this result is not surprising. As the price momentum only

reflects the trend in past returns, the dimensions that ESG, and in this case the ESG Momentum,

covers are far more extensive. As we have seen above, the returns within the ESG factor portfolio

do not only depend on the change in ESG score but also on the firm and industry composition of

the quintiles used to construct the factor. The crucial point is hereby that while the relationship

between past and current return is way more obvious, the link between ESG and performance

Page 93 of 104



is ambiguous. Therefore, even though the setup is intuitively easy and comparable to the stock

momentum factor, the ESG Momentum is far more complex and less intuitive due to its multiple

dimensions. As a result, systematic patterns, as we see them for the stock momentum, are harder to

spot and interpret.

Nevertheless, we are still able to contribute a valuable result with respect to the geographical

differences of our two samples. The use of and reliance on good ESG measures as a signal of superior

performance seems to be particularly promising and successful in the European market in which

the awareness for the financial materiality of ESG and ESG score improving efforts is positively

incorporated in equity factor models. In the U.S. sample, however, the coefficients are mostly

negative and insignificant indicating systematic differences between the two markets and a lack of

awareness of the performance-enhancing effect of ESG in the U.S. (Amel Zadeh & Serafeim, 2018).

Of course, for an accurate comparison of the two markets it would hereby again be beneficial to

analyse the individual portfolio composition and drivers of these results.

An insight into the dimensions of ESG and the ESG Momentum factor is given by the last part of

our analysis in section 6.3.3, in which we replicate our approach for two industries and construct our

Momentum factor for each of the pillars separately. By means of this industry breakdown, we are

trying to provide evidence for the dissimilar impact of the three pillars dependent on the sector they

are material for. In line with the findings of Khan et al. (2016), we hereby expect to see a higher

and more significant impact of the industry’s material pillar indicating it as the main contributor

among the three to the portfolio’s performance. As outlined in section 6.3.3, we do find supporting

evidence for this statement, especially with respect to the Utilities sector and the environmental

pillar, albeit coefficients are mostly insignificant.

The split of industries and pillars therefore introduces some of the dimensions of ESG and suggest

industries and their material pillar as the main driver of the ESG Momentum factor’s contribution

to portfolio performance. Due to our limited sample size resulting from the industry breakdown,

however, it is difficult to provide significant evidence for our hypotheses. Therefore, this analysis

might serve as a foundation for further research including more observations and covering different

industries as well as regions.

Overall, for all of the analyses conducted, we can observe a lack of significant findings with respect to

Page 94 of 104



the hypothesised outperformance of high ESG Momentum firms. While we provide some qualitative

explanations for our results above we can, however, also trace back the lack of significance to our

time frame investigated. Considering the work of Fama & French (1993) or Jegadeesh & Titman

(1993), they are analysing historical periods covering 30 or 40 years to test their hypothesis and

unveil their patterns on the size, value or momentum effect. Comparing this to the time frame

investigated in our analyses, a period of 8 years can be considered as too short to find the same

significant patterns. As we can see in Figure 7 in which we plot the cumulative outperformance

of the long-short portfolio in the highest and lowest ESG Momentum firms, despite the overall

positive tendency, there is still a period between 2015 and 2017 in which the relationship appears to

be negative. While these opposing relations are smoothed out over a long time frame, they might

mitigate the overall significance and size of our performance results over our short time horizon.

Furthermore, it is unclear which influence the changing scoring methodology, as well as the constantly

increasing firm base, might have on our constructed ESG Momentum factor and associated analyses.

Consequently, as the novelty and scoring inconsistency of the ESG data inhibits the analysis of a

longer time horizon at this point, it might be an interesting opportunity for future research.

In the end, the question remains to which degree our analysis in section 6 contributes to the

understanding of the ESG Momentum strategy, its integration into the investment process and

its performance implications. As the ESG Momentum and ESG itself is comprised of multiple

dimensions which enter the performance equation over several channels, this unambiguous effect

on the investment’s return is difficult to measure. Based on our findings, it is therefore apparent

that the ESG Momentum is not suitable to use as the main driver of investment decisions and

performance. Our results rather suggest that the ESG Momentum factor should be applied as a

complementary tool for choosing the right stocks in your portfolio construction. Similar to the

ESG score, the ESG Momentum could therefore serve as an additional screening tool in portfolio

construction to exploit the positive alpha associated with the highest ESG Momentum quintile.

Our thesis therefore not only provides a deeper understanding of the dimensions of ESG and its

momentum but also through which channels these might impact performance. Furthermore, it

gives an indication of how the ESG Momentum can be used in investment decisions and contribute

to a portfolio’s performance. As we are delivering a first approach to the integration of the ESG

Momentum in factor investing which at certain points lacks significance and distinct patterns it
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further builds a theoretical foundation and starting point for future research.

7.2 Research Philosophy

When conducting any type of research, it is important to reflect upon the choice of methodology as

well as the development of data and knowledge. Research philosophy is based on the beliefs and

on the assumptions made around the perception of reality which naturally affects how the research

process is developing and how the results are interpreted (Saunders et al., 2019). When deciding

upon a specific methodology, one should have this in mind throughout the process to make sure the

research is carried out in a trustworthy manner.

Financial empirical research has almost exclusively belonged to the functionalist positivist paradigm,

as it is founded on a positivist tradition which draws a hard line between values and facts (Lagoarde-

Segot, 2015). Positivist studies focus on observable and quantifiable findings and there should be no

provisions for any human interests within these studies. As a general notion, positivist research leans

on a deductive approach to data, which means that general conclusions are drawn from particular

observations (Saunders et al., 2019). Put differently, studies with positivist paradigm are based on

facts and consider the world to be external and objective, and it is within this research tradition

that we find our thesis.

To elaborate further on this, the methodology this thesis applies is based on standard approaches

within the literature, such as see Fama & French (1992) and Carhart (1997). Our cross-sectional

data is collected from one of the largest and most frequently used ESG data providers available

and a global company data platform. This should give the reader some assurance of the derived

results of our study, as the choice of data should not drive the results. Thus, both the setup

and choice of data are in line with conducting the research and results according to the positivist

approach chosen. To further ensure objectivity, we have in our literature review in section 2 and

3.4.4 referred to widely cited papers within the research area that makes use of ESG data both from

a risk and investment perspective. Furthermore, we have tried to find existing literature that both

support and that can help disprove our hypothesis, to make sure the interpretation of results are

made in an objective manner. Furthermore, we have throughout this study focused on addressing

the quality of data, sample size and possible biases that stems from the choice of methodology
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and how the data is derived (see Section 2.5 for data limitations and section 6.4 for robustness checks).

Interestingly observed though, is that this objective nature of financial empirical analyses can

be a naive point of view, as it hangs on the distinction between the financial reality, that is based on

facts and neutrally describe the world, and values (Lagoarde-Segot, 2015). For this thesis, when

including non-financial dimensions, such as environmental impact, social well-being and promotion

of good corporate governance, value and facts are not necessarily that easy to distinguish. When

conducting tests on ESG data, and in order to draw conclusions, it is therefore crucial to keep the

objectivistic and positivist approach when analysing the results. At the same time, one should be

careful to draw too general conclusions made from a few observations. When performing research

based on these non-financial dimensions of firms’ performances, it is important to keep in mind

that many different factors can drive the results. We will further discuss these limitations in the

upcoming section.

7.3 Data Quality and Limitations

With growing data availability, the possibility of integrating ESG in equity portfolios has emerged.

ESG represents a source of possibly valuable information for investors with an impact on both

return and risk. But as shown by Bender et al. (2018), the attribution of ESG comes with variation

across data sources and can thus both add and subtract from investment returns depending on data

source and different metrics used. As seen from several studies, the discrepancies in between data

providers has resulted in surprisingly low correlations, leading to confusion amongst investors and

question the results of empirical research conducted on ESG data (Bender et al., 2018; Berg et al.,

2019). Thus, as already stated in Section 2.5 about data limitations, the use of ESG information in

the investment process does not come without challenges. In the upcoming discussion, we will fur-

ther look at the implications of these issues and limitations in the light of our above-presented findings.

As already stressed, our chosen methodology for this analysis follows standard procedures within

the literature (see (Carhart, 1997) and (Fama & French, 1992)). Looking at our output from the

regressions in Table 9, 10 as well as Appendix VI and Appendix VII, the coefficient resemble to

a large extent the ones of traditional literature. This is true in terms of market return, both the
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SMB and HML factor as well as the price momentum. Furthermore, as confirmed by the conducted

robustness checks, the choice of methods does not appear to drive the results, as they do not change

in response to the applied variations. What could be questioned, however, when adding our addi-

tional ESG Momentum factor to the pricing model, is the quality of the data we build the factor upon.

Our results indicate that the integration of the ESG momentum factor into classical factor models

does not necessarily have a large economic impact. And for the U.S. sample, the direction of the

impact is not completely clear. It is of course reasonable to question if we would find stronger or

different results if we could obtain data of higher quality, or even used a different data provider

considering the rather low correlation that has been found between different rating agencies (Bender

et al., 2018; Berg et al., 2019). We will avoid speculating too much into these matters, but we find

that the ESG criteria should not be disregarded on the basis of its rather low economic influence.

When comparing the results from Europe and the U.S., we can see that markets (here Europe)

with more developed reporting standards show a higher responsiveness to ESG information and

furthermore, improvements in ESG performance. This could imply that with the coming regulatory

developments, the research field of ESG in general, and ESG Momentum in particular, should still

deserve some increasing attention.

As emphasised in Section 2 and further throughout this thesis with regard to our choice of time

frame, the data quality of MSCI’s ESG data seemingly improved with their updated methodology.

This result is further depicted in Figure 5, where we can see that the risk profile of high performing

ESG firms in relation to low ESG firms becomes clearer after 2013. This result gives some additional

indication of the impact and benefits of considering material ESG issues in the assessment which also

has been confirmed by Khan et al. (2016). As they document, investment decisions with respect to

sustainable aspects can only be successful if materiality is accounted for on an industry-by-industry

basis building the foundation for the rating structure outlined by MSCI.

Another point to emphasize with respect to the data, is the low rating frequency which also was

mentioned in the survey study by Amel Zadeh & Serafeim (2018). As financial data is available at a

much more frequent basis, the market can already have absorbed effects stemming from controversies

or improved risk mitigation that the ESG scores are not yet including. Consequently, this will mean

that the data used to construct the ESG Momentum factor does not fully work as a proxy for a firm’s

Page 98 of 104



improvement in ESG performance. Moreover, it is also not clear, how fast markets are absorbing

and evaluating ESG information.

At the same time, in the absence of clear reporting standards, rating companies often estimate

data for unreported companies based on similarities within industry and company characteristics.

This adds a certain amount of subjectivity and potential noise into the ESG data employed in

the investment process Bender et al. (2018). This is also an aspect which needs to be taken into

consideration when analysing the results from the previous section.

As increasing ESG awareness and regulation to some extent appear to yield higher returns on

high ESG momentum portfolios, this is still a research field that deserves increasing attention as the

markets further develop a more streamlined standard on how to assess ESG exposures. Deriving

clear investment strategies based on the available ESG data is thus still difficult at this stage, as the

convergence in data quality makes empirical research hard to compare. This raises questions about

the trustworthiness of the results from both this thesis, and others before us. At this point though,

the indication that the results give are interesting to build further upon.

7.4 Future Research

As indicated by our discussion of results, the ESG Momentum is still a largely uncovered topic with

respect to its financial implications and its integration into investment strategies. While there are

many possibilities for analysing and interpreting the dimensions of ESG, the results presented in

this thesis and discussed above offer clear suggestions for future research.

The main point to consider in the ESG Momentum strategy is the intuition behind the factor

itself which due to its multiple dimensions can impact performance over various channels. As

presented in the discussion, the ESG Momentum strategy is based on the proposition that the firms

with the highest Momentum will outperform the ones with the lowest one. Intuitively, however, the

firms with the highest change in ESG score are not associated with the highest initial scores but

rather with low- or middle-ranked firms. Due to the composition of portfolios which might have a

further impact on performance, there might be opposing forces within the portfolios biasing our

results. Since we find a positive outperformance of both, the highest and the lowest quintile portfolio,
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we could assume that the lower quintile is characterised by controversial as well as high-ranked

firms boosting the returns of the portfolio. Similarly, the upper quintile might contain the largest

improvements in ESG scores which as well, have a positive impact on returns.

Considering this bias in our results suggest analysing the composition of the constructed ESG

Momentum quintile portfolios further, especially to find the source of positive alpha within the

highest and lowest quintile portfolio. Furthermore, using the analysis of Giese & Nagy (2018), who

measure the largest effect of the ESG Momentum in the middle range of initial ESG scores, might

further help understanding the driver of performance in our analysis. Accordingly, it might be useful

to repeat our conducted analysis but conditional on ranges of initial ESG scores. This might provide

insight into how changes in ESG scores translate into returns for different levels of firm sustainability

and might further suggest new methods of integrating the ESG Momentum into the investment

process.

Furthermore, as our industry analysis shows, there are some discrepancies between industries on

how they perform on their material ESG pillars. It would be interesting to further uncover how

ESG Momentum translates into financial performance on a sectoral level. This would be useful for

investors, to better understand how to make use of ESG information and in order to shift their ESG

strategies towards businesses that generate the highest value.

Besides these analyses going deeper into our investigated research question, there are some as-

pects of our analytical setup which are worth criticising. For example, above-raised issues relating

to rating frequency and the time horizon of markets pricing ESG information might entail valuable

implications portfolio construction. Accordingly, instead of a monthly rebalancing approach it could

be useful to look at yearly rebalanced portfolios to see if results significantly change. This, in turn,

could indicate a longer time needed for markets to process ESG information.

Furthermore, as discussed above, the intuitive nature of the ESG Momentum is evidently more

complex than that of the price momentum. As estimated by Jegadeesh & Titman (2011) leaving a

time gap between formation and holding period of their portfolios, they avoided short-term reversals,

and the stock momentum effect became more pronounced. Consequently, it could be reasonable

to expect the same effect with respect to ESG information, as it is said to capture long term

performance (MSCI ESG Research, 2019). A similar setup of leaving a time gap between portfolio

formation and holding period could further improve the significance and distinctness of results.
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Furthermore, it might be useful to address the issue of reverse causality in the analytical approach. In

all of our performance analyses of this thesis, it is thereby not clear, whether an improved ESG profile

of a firm enhances its financial performance or, if in turn, higher returns create financial resources

and incentives within the firm to improve its ESG score. By means of a simple Granger-causality test,

the researcher could therefore test whether the relationship of ESG score and financial performance

is only one-sided or if reverse causality might pose a problem.

So far MSCI is the only research provider on the ESG Momentum factor. As it at the same

time functions as the source of data, there might be a bias within the analysis to reach a certain

result. Furthermore, as described above the correlations between individual ratings provider are

surprisingly low posing a problem of comparability. Consequently, future research could replicate our

analysis for data of a different provider, such as Sustainalytics, to validate or discard our results.

8 Conclusion

This thesis has presented a theoretical background as well as a methodological approach and empirical

analysis on ESG investing, providing insight into the many dimensions of ESG and its implementation

in investment processes. The centre of our research and analysis is hereby the ESG Momentum

strategy representing a novel investment approach which due to is scarce coverage by previous

literature and empirical analyses offers broad research opportunities. The ESG Momentum strategy

is based on the hypothesis of a positive relationship between the change in a firms ESG score and its

financial performance, thereby representing a dynamic measure to predict the financial materiality

of ESG. The corresponding alpha-generating strategy refers to the construction of a portfolio going

long in the highest ESG Momentum firms while shorting the ones with the lowest ESG Momentum.

It accordingly exploits the relative outperformance of firms significantly improving their ESG profile.

By testing this hypothesis for a consistent pattern in historical returns, we are eventually creating a

factor portfolio, similar to the stock momentum, for the integration in the Carhart (1997) 4-factor

model.

Before going into our main analysis, however, we first of all concentrate on replicating findings

from previous literature to provide evidence for the relevance of ESG and its Momentum for an
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investment’s performance. We thereby further aim to build grounds for our subsequent analysis.

Just as Dunn et al. (2018), we find a similar outcome on the negative relationship between the ESG

profile of a company and its risk metrics, by conducting a basic risk analysis of firms dependent

on their ESG score. In particular, we estimate a systematically lower level of systematic as well as

idiosyncratic risk for firms with higher ESG scores. This in turn confirms the importance of ESG

information for a holistic assessment of an investment’s risk and return.

After constructing our ESG Momentum factor and analysing its distribution and basic properties,

we are plotting the performance of the ESG Momentum strategy first on a cumulative basis. Over

the period from 2011 to May 2019 the above described long-short portfolio based on the highest and

lowest ESG Momentum quintiles yields a cumulative outperformance of 23%. This is not only in

line with our baseline paper by Giese & Nagy (2018), but also confirms the hypothesis of a superior

relative performance of firms significantly improving their ESG profile.

Comparing this cumulative outperformance with the monthly excess return of the created ESG

Momentum factor portfolio, however, yields a less significant result. While in the European market

high ESG Momentum firms outperform low ones by 0.02% on a monthly basis, the same analysis

for the U.S. market yields 0.13% outperformance. Similarly, when regressing the ESG Momentum

quintiles on the Carhart (1997) 4-factors for Europe and the U.S., we not only obtain an overall

insignificant difference between the highest and lowest portfolios’ monthly excess returns, but also a

positive significant alpha for both of them. This in turn indicates a positive abnormal return and

impact associated with both, high and low ESG Momentum firms, which is not explainable by any

of the traditional four factors and contradicts our initial hypothesis.

By extending the model to our 5-factor ESG framework, we estimate the ESG Momentum factor’s

contribution to explain the difference in the performance of ten portfolios based on their lagged

one-year return. While we were expecting a similar pattern to the stock momentum, the loadings on

the ESG Momentum factor are rather consistent across portfolios and do not appear to drive the

differences in the portfolios’ performances. However, the positive and mainly significant coefficients

of the European sample compared to the mostly negative and insignificant ones of the U.S., reveal

systematic discrepancies between the two markets which entail relevant implications for their use of

ESG data. Consequently, while the European market demonstrates more awareness of ESG matters

with a performance-enhancing effect of the ESG Momentum, the U.S. market does not seem to

positively incorporate improvements in ESG ratings.
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By further breaking the analysis down to the three pillars and specific industries, we additionally

provide evidence for the dissimilar impact of each pillar, depending on its materiality for the

sector (Khan et al., 2016). Our results are hereby particularly evident for the Utilities sector in

which the outperformance of firms improving their environmental score positively, albeit insigni-

ficantly, affects the portfolio’s return, whereas an improvement in the other two pillars is not rewarded.

With the above-outlined analysis we are not only providing a deeper insight into the ESG Momentum

factor and its characteristics but also deliver a first approach to its integration into a factor investing

framework. Even though we do not find the expected systematic and significant patterns in returns,

the tendency of our estimated monthly excess return on the quintile portfolios, give an indication of

the superior performance of high ESG Momentum firms. Furthermore, in the European market, the

ESG Momentum factor exhibits a significant positive, albeit economically small, contribution to the

portfolio’s return proving it’s relevance in investment decisions.

This suggests on the one hand that, even though the ESG Momentum is not the main driver

of performance differences across portfolios in our setup, it might serve as a useful complementary

tool for stock selection in the portfolio construction process. On the other hand, it further indicates

the complexity of the ESG Momentum factor which, although it is constructed similar to the stock

momentum, is composed of multiple dimensions impacting performance through various channels.

While our thesis provides insight into some of these dimensions, there are still some gaps in our

research which might be the source of our partially insignificant results. For one thing, the portfolio

construction based on the ESG Momentum ignores important dimensions of ESG, which in turn

create potential biases in return patterns through the resulting composition of firms within the ESG

Momentum quintiles. On another note, the short time horizon covered in our analysis might make it

difficult to detect systematic patterns as Fama & French (1993) or Jegadeesh & Titman (1993) did.

Furthermore, as outlined in our data limitations, our concerns about data quality as well as the lack

of a standardised ratings methodology make the reliance on results of previous research as well as

the prediction of results for other data providers difficult.

Considering the novelty of the ESG Momentum itself as well as its scarce empirical coverage, our

thesis provides a valuable first approach to integrating ESG Momentum into factor investing as well

as a solid foundation for future research.
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Appendix

Appendix I: Average CO2 Emissions by Region

Appendix II: The ESG-SR Efficient Frontier (Pedersen et al., 2019)
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Appendix III: ESG and Equity Factor Correlations

ESG Score ESG Momentum

Market Cap 0.079 -0.006
BTM -0.005 -0.002
Volatility -0.078 0.007
Liquidity -0.001 -0.001
Leverage Ratio -0.004 -0.002
Beta -0.081 0.007
Profitability -0.015 0.000
Dividend Yield 0.003 -0.002

This table provides an overview of the correlation of the raw
ESG scores and the ESG Momentum factor with traditional
equity factors.

Appendix IV: Cross-Correlations of Factor Portfolios U.S.

Factor
Portfolio

Monthly
Excess Return

Std.
Dev.

Cross-Correlations
MRKT Excess SMB HML PMOM ESGMOM

Mrkt Excess Return 0.99% 3.27% 1.00
SMB -0.37% 1.28% 0.19 1.00
HML -1.45% 2.23% 0.09 0.28 1.00
Price Momentum 0.07% 3.09% -0.24 -0.32 -0.70 1.00
ESG Momentum 0.13% 0.98% -0.18 -0.05 -0.07 0.08 1.00

The table above exhibits the average excess return as well as the standard deviation for each of the factor portfolios
created for the 4- and 5-factor regressions. Additionally, the table shows their cross-correlation matrix of the factors.
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Appendix V: 4-Factor Regression On ESG Momentum Quintiles U.S.

Decile
Monthly

Std. Dev. Alpha
Market

SMB HML
Price

Adj. R2
Excess Return Excess Return Momentum

1 (low) 1.10% 3.57% 0.21%* 0.978*** -0.073 0.068 -0.067 91.6%
(1.65) (31.47) (-0.89) (1.08) (-1.44)

2 1.12% 3.54% 0.01% 1*** -0.317*** -0.026 -0.108** 95.0%
(0.1) (32.21) (-3.9) (-0.42) (-2.32)

3 1.04% 3.34% 0.06% 0.927*** -0.118 -0.024 -0.061 92.8%
(0.47) (29.83) (-1.45) (-0.38) (-1.32)

4 0.88% 3.47% -0.11% 0.956*** 0.04 -0.047 -0.048 94.9%
(-0.82) (30.78) (0.49) (-0.76) (-1.02)

5 (high) 1.36% 3.38% 0.38%*** 0.916*** -0.108 -0.03 -0.017 92.0%
(2.92) (29.49) (-1.32) (-0.47) (-0.36)

5-1 0.26% 1.51% 0.17% -0.062 -0.035 -0.097 0.05 8.6%
(0.521) (0.78) (-1.22) (-0.27) (-0.95) (0.66)

The table above presents the regression of the monthly excess return of 5 quintile portfolios based on the ESG
Momentum factor regressed on the traditional four Carhart factors. The regression covers the data frame from 2010 to

May 2019 and includes data for the U.S. market. T-statistics are given in parenthesis below the coefficient. The
asterisks behind the coefficients indicate the significance level: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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Appendix VI: 4-Factor Regression On Lagged One-Year Return U.S.

Decile
Monthly

Std. Dev. Alpha
Market

SMB HML
Price

Adj. R2
Excess Return Excess Return Momentum

1 1.35% 5.3% 0.663%*** 0.951*** 0.211* 0.039 -0.982*** 87.1%
(3.523) (21.091) (1.791) (0.425) (-14.487)

2 0.85% 4.4% 0.124% 0.978*** -0.142 0.139 -0.657*** 93.3%
(0.661) (21.706) (-1.204) (1.534) (-9.695)

3 1.04% 3.8% 0.284% 0.925*** -0.092 0.102 -0.386*** 86.9%
(1.509) (20.541) (-0.779) (1.117) (-5.698)

4 0.84% 3.7% 0.062% 1.004*** -0.171 0.167* -0.208*** 92.4%
(0.328) (22.278) (-1.443) (1.833) (-3.061)

5 0.95% 3.6% 0.025% 1.015*** -0.337*** 0.118 -0.113* 90.2%
(0.131) (22.528) (-2.853) (1.301) (-1.669)

6 1.04% 3.1% 0.215% 0.912*** -0.201* 0.097 -0.014 90.3%
(1.141) (20.252) (-1.705) (1.061) (-0.206)

7 1.08% 3.1% -0.025% 0.929*** -0.121 -0.095 0.13** 91.0%
(-0.131) (20.612) (-1.028) (-1.04) (1.919)

8 1.02% 3.2% -0.139% 0.941*** 0.001 -0.149 0.207*** 87.1%
(-0.739) (20.867) (0.014) (-1.64) (3.058)

9 1.11% 3.0% 0.143% 0.860*** -0.003 -0.062 0.252*** 83.5%
(0.761) (19.096) (-0.024) (-0.677) (3.722)

10 1.56% 4.0% -0.145% 1.106*** 0.023 -0.429*** 0.236*** 83.9%
(-0.769) (24.542) (0.194) (-4.722) (3.479)

10-1 0.21% 5.1% -0.909%*** 0.152*** -0.469 -0.523*** 1.111*** 79.3%
(0.14) (-2.715) (2.09) (-2.447) (-3.835) (11.418)

The table above describes the regression of the monthly excess return of ten deciles based on lagged one-year performance
on the traditional four Carhart factors. The regression covers the data frame from 2010 to May 2019 and includes data
for the U.S. market. T-statistics are given in parenthesis below the coefficient. Asterisks behind the coefficient indicate
the significance level: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01.
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Appendix VII: 5-Factor Regression On Lagged One-Year Return U.S.

Decile
Monthly

Std. Dev. Alpha
Market

SMB HML
Price ESG

Adj. R2
Excess Return Excess Return Momentum Momentum

1 1.35% 5.32% 0.66%*** 0.949*** 0.211* 0.035 -0.982*** -0.056 87.2%
(3.5) (21.05) (1.79) (0.38) (-14.51) (-0.38)

2 0.85% 4.40% 0.11% 0.974*** -0.143 0.127 -0.66*** -0.198 93.4%
(0.58) (21.6) (-1.21) (1.39) (-9.74) (-1.36)

3 1.04% 3.80% 0.28% 0.925*** -0.092 0.098 -0.387*** -0.051 87.0%
(1.49) (20.5) (-0.78) (1.08) (-5.71) (-0.35)

4 0.84% 3.68% 0.05% 1.002*** -0.171 0.159* -0.209*** -0.113 92.5%
(0.28) (22.21) (-1.45) (1.74) (-3.08) (-0.78)

5 0.95% 3.57% 0.01% 1.01*** -0.339*** 0.102 -0.116* -0.245* 90.6%
(0.03) (22.4) (-2.87) (1.12) (-1.72) (-1.68)

6 1.04% 3.13% 0.22% 0.913*** -0.201* 0.099 -0.014 0.033 90.2%
(1.15) (20.25) (-1.7) (1.08) (-0.2) (0.23)

7 1.08% 3.10% -0.03% 0.927*** -0.122 -0.099 0.129* -0.064 91.0%
(-0.16) (20.56) (-1.03) (-1.08) (1.91) (-0.44)

8 1.02% 3.24% -0.14% 0.941*** 0.002 -0.148 0.207*** 0.014 87.1%
(-0.73) (20.85) (0.01) (-1.62) (3.06) (0.1)

9 1.11% 3.01% 0.13% 0.856*** -0.004 -0.075 0.25*** -0.202 93.9%
(0.68) (18.98) (-0.04) (-0.82) (3.69) (-1.39)

10 1.56% 4.03% -0.12% 1.112*** 0.025 -0.41*** 0.24*** 0.295** 84.4%
(-0.65) (24.65) (0.21) (-4.49) (3.54) (2.02)

10-1 0.21% 5.11% -0.90%*** 0.159** -0.464** -0.503*** 1.115*** 0.243 79.5%
(0.14) (-2.7) (2.17) (-2.45) (-3.65) (11.45) (0.98)

The table above describes the regression of the monthly excess returns of ten decile portfolios based on lagged one-year
performance on the traditional four Carhart factors as well as the ESG Momentum factor. The regression covers the
data frame from 2010 to May 2019 and includes data for the U.S. market. T-statistics are given in parenthesis below

the coefficient. Asterisks behind the coefficient indicate the significance level: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01.
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Appendix VIII: 4-Factor Regression on E Momentum Quintiles - Utilities Sector

Decile
Monthly

Std. Dev. Alpha
Market

SMB HML
Price

Adj. R2
Excess Return Excess Return Momentum

1 (low) 0.21% 3.46% -0.006% 0.395*** -0.412* 0.315** 0.082 30.1%
(-0.01) (3.80) (-1.84) (2.22) (0.76)

2 0.33% 3.95% 0.209% 0.508*** -0.829*** 0.244* 0.042 30.2%
(0.55) (4.88) (-3.71) (1.72) (0.39)

3 0.34% 3.78% 0.569% 0.434*** -0.343 0.392*** -0.027 32.1%
(1.51) (4.16) (-1.52) (2.71) (-0.25)

4 0.44% 4.13% 0.334% 0.410*** -0.544** 0.482*** 0.091 31.5%
(0.88) (3.94) (-2.43) (3.40) (0.84)

5 (high) 0.66% 3.95% -0.135% 0.693*** -0.776*** 0.277** 0.036 30.3%
(-0.35) (6.67) (-3.47) (1.96) (0.33)

5-1 0.45% 0.49% -0.128% 0.298*** -0.364* -0.037 -0.046 10.4%
(0.34) (-0.35) (3.00) (-1.70) (-0.27) (-0.44)

The table above presents the regression of the monthly excess return of 5 quintile portfolios based on the E Momentum
factor for the Utilities sector regressed on the traditional four Carhart factors. The regression covers the data frame
from 2010 to May 2019 and includes data for the European market. T-statistics are given in parenthesis below the

coefficient. The asterisks behind the coefficients indicate the significance level: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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Appendix IX: 4-Factor Regression on G Momentum Quintiles - Financial Sector

Decile
Monthly

Std. Dev. Alpha
Market

SMB HML
Price

Adj. R2
Excess Return Excess Return Momentum

1 (low) 1.27% 6.79% 0.168% 0.875*** -0.692*** 0.325*** -0.056 81.2%
(0.59) (11.6) (-3.24) (3.1) (-0.58)

2 0.84% 6.31% -0.181% 0.939*** -0.451** 0.426*** -0.112 84.3%
(-0.64) (12.44) (-2.11) (4.05) (-1.15)

3 1.28% 6.25% -0.274% 0.978*** -0.608*** 0.463*** -0.168* 84.1%
(-0.96) (12.96) (-2.84) (4.41) (-1.74)

4 0.99% 6.07% -0.308% 0.974*** -0.989*** 0.307*** -0.281*** 85.9%
(-1.08) (12.91) (-4.62) (2.92) (-2.91)

5 (high) 1.31% 6.12% -0.099% 0.911*** -1.068*** 0.489*** -0.363*** 81.3%
(-0.35) (12.07) (-4.99) (4.65) (-3.76)

5-1 0.04% 2.66% -0.267% 0.035 -0.375 0.164 -0.307*** 33.5%
0.452 (-0.8) (0.4) (-1.51) (1.34) (-2.73)

The table above presents the regression of the monthly excess return of 5 quintile portfolios based on the G Momentum
factor for the Financials sector regressed on the traditional four Carhart factors. The regression covers the data frame
from 2010 to May 2019 and includes data for the European market. T-statistics are given in parenthesis below the

coefficient. The asterisks behind the coefficients indicate the significance level: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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Appendix XII: Breusch-Godfrey Test Europe

4-factor 5-factor

LM p-value LM p-value

Decile 1 14.343 0.279 13.343 0.279
Decile 2 13.384 0.343 11.838 0.459
Decile 3 10.336 0.587 9.5468 0.656
Decile 4 16.857 0.105 17.689 0.113
Decile 5 15.086 0.237 14.838 0.251
Decile 6 10.665 0.558 10.684 0.556
Decile 7 17.979 0.102 17.877 0.119
Decile 8 10.776 0.548 9.515 0.658
Decile 9 22.028 0.037 16.543 0.168
Decile 10 11.547 0.483 11.433 0.492

The table depicts the results from the Breusch-Godfrey test
performed on all 4- and 5-factor regressions with each decile
portfolios sorted on 1-year lagged return for the European
sample as independent variable. A p-value over 0.10 indic-
ates fails to reject of the null hypothesis of no autocorrela-
tion.
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Appendix XIII: Breusch-Godfrey Test U.S.

4-factor 5-factor

LM p-value LM p-value

Decile 1 12.781 0.385 13.663 0.323
Decile 2 16.884 0.154 16.076 0.188
Decile 3 10.978 0.531 13.250 0.351
Decile 4 3.820 0.987 3.561 0.990
Decile 5 9.704 0.642 9.789 0.635
Decile 6 9.753 0.638 10.581 0.565
Decile 7 6.554 0.886 6.066 0.913
Decile 8 7.566 0.818 7.779 0.802
Decile 9 15.800 0.201 15.104 0.236

The table depicts the results from the Breusch-Godfrey
test performed on all 4- and 5-factor regressions with each
of the decile portfolios sorted on 1-year lagged return for
the European sample as independent variable. A p-value
over 0.10 indicates fails to reject of the null hypothesis of
no autocorrelation.
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Appendix XIV: Breusch-Pagan Test Europe

4-factor 5-factor

LM p-value LM p-value

Decile 1 8.230 0.080 2.209 0.530
Decile 2 5.507 0.239 2.961 0.398
Decile 3 5.731 0.220 4.733 0.192
Decile 4 3.307 0.508 1.853 0.660
Decile 5 4.674 0.322 3.266 0.352
Decile 6 2.782 0.595 1.773 0.621
Decile 7 3.553 0.470 1.401 0.705
Decile 8 5.825 0.213 1.507 0.681
Decile 9 3.638 0.457 2.555 0.466
Decile 10 7.564 0.120 3.549 0.314

The table depicts the results from the Breusch-Pagan
test performed on all 4- and 5-factor regressions with
each of the decile portfolios sorted on 1-year lagged re-
turns for the European sample as dependent variable. A
p-value over 0.10 fails to reject the null hypothesis of
homoskedastic error terms in the model.
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Appendix XV: Breusch-Pagan Test U.S.

4-factor 5-factor

LM p-value LM p-value

Decile 1 6.005 0.306 6.605 0.148
Decile 2 4.603 0.331 6.034 0.303
Decile 3 6.928 0.140 6.674 0.246
Decile 4 2.938 0.568 3.154 0.676
Decile 5 9.778 0.044 14.413 0.013
Decile 6 6.002 0.298 7.921 0.161
Decile 7 1.844 0.764 7.021 0.219
Decile 8 3.104 0.541 3.203 0.669
Decile 9 5.579 0.233 6.971 0.223
Decile 10 1.435 0.838 10.075 0.073

The table depicts the results from the Breusch-Pagan test
performed on all 4- and 5-factor regressions with each
decile portfolio sorted on 1-year lagged returns for the U.S.
sample as dependent variable. A p-value over 0.10 fails
to reject the null hypothesis of homoskedastic error terms
in the model.

Appendix XVI: VIF Europe

4-Factor 5-Factor

Market Excess 1.224 1.240
SMB 1.136 1.136
HML 1.842 1.881
Price Momentum 1.901 1.920
ESG Momentum - 1.080

The table depicts the results from the VIF tests
performed on the factors used for the 4- and 5-
factor regressions on the European sample.
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Appendix XVII: VIF U.S.

4-Factor 5-Factor

Market Excess 1.198 1.250
SMB 1.272 1.287
HML 1.798 1.715
Price Momentum 1.843 1.855
ESG Momentum - 1.098

The table depicts the results from the VIF tests
performed on the factors used for the 4- and 5-
factor regressions on the U.S. sample.
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