
 

 

Financial performance of ESG-motivated investment strategies 
A study on the out-of-sample risk-adjusted performance of ESG-motivated investment strategies  

compared to the S&P500 

 

 

 

 

 

 

 

 
Master’s Thesis 

M.Sc. Economics and Business Administration (Cand.merc) 

Finance & Investments (FIN) 

Authors 

______________________________________    ______________________________________ 

   Alexander Matthew Kirkedal (101694)              Lasse Skafsgård Klausen (103146) 

 

Supervisor: Marcel Fischer 

Date of submission: May 15th, 2020 

Contract number: 16053 

 

Number of characters incl. spaces: 233.429 

Number of pages excluding appendix, bibliography and frontpage: 110 

 

 

 

 



 1 

Acknowledgements 
We wish to express our gratitude to our supervisor Marcel Fischer for his guidance, comments 

and great online availability throughout this process. It has been interesting and educating to 

work with portfolio theory and investments in a sustainability context, and we greatly appreciate 

the advice Marcel has provided throughout. Finally, we wish to acknowledge the people who 

have been supportive during the writing of this thesis. 

 

 

  



 2 

Abstract 
The purpose of this thesis is to evaluate the out-of-sample risk-adjusted performance of four active 

ESG-motivated investment strategies: Best-in-Class, Exclusionary Screening, Momentum, and 

Thematic Investing. With increasing interest from investors, the focus on environmental, social, and 

governance (ESG) factors has become essential to the investment world. On a global scale, 

approximately 25% of the total assets under management consider ESG factors. 
 

Existing literature has extensively focused on the causality between ESG and corporate financial 

performance, where inconclusiveness seems to be prevalent. There is, however, some evidence 

pointing towards a nonnegative relationship between ESG and financial performance. 

Consequently, this thesis seeks to add to the existing body of literature by investigating the out-of-

sample performance of investment portfolios solely selected on ESG considerations. 
 

In the construction of portfolios, we implement the four ESG-motivated strategies on a US based 

stock price dataset from 2010-2019. We apply a rolling window estimation to obtain inputs for the 

mean-variance optimization and the equally weighted portfolio approaches. Subsequently, we 

evaluate the out-of-sample risk-adjusted performance by using Sharpe ratio and Jensen’s alpha in 

comparison to the risk-adjusted return of the American S&P500.  
 

Our key findings are summarized as follows: i) For mean-variance optimized portfolios, ESG-

motivated strategies generally outperform the S&P500 in terms of Sharpe ratio and Jensen’s alpha. 

For equally weighted portfolios, these strategies generally underperform. ii) We find that 

momentum shows highest risk-adjusted performance in both portfolio settings. iii) Across the four 

ESG-motivated strategies, we observe that the governance (G) factor demonstrates highest 

association with financial performance. iv) Our results indicate that the social (S) factor exhibits the 

weakest relation to financial performance of our ESG-motivated investment strategies. 
 

In spite of potential methodological differences, our findings are, to some extent, consistent with 

previous studies, where momentum as a strategy and governance as a factor, has shown to exhibit 

high correlation to corporate financial performance. Our results contribute to the performance 

evaluation of ESG-motivated strategies and could therefore be of interest to investors that seek to 

incorporate ESG. 
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Abbreviations and acronyms 

BIC Best-in-Class 

CAPM Capital Asset Pricing Model 

CFP Corporate Financial Performance 

CML Capital Market Line 

CSR Corporate Social Responsibility 

E Environmental 

EMH Efficient Market Hypothesis 

ES Exclusionary Screening 

ESG Environmental, Social, and Governance 

EW Equally Weighted 

G Governance 

GFSR Global Financial Stability Report 

MPT Modern Portfolio Theory 

MV Mean-variance 

RI Responsible investing 

S Social 

SML Security Market Line 

SR Sharpe ratio 

SRI Socially responsible investing 

TI Thematic Investing 

WRDS Wharton Research Data Services 

 

Interchangeably used terms 
ESG rating  ESG-score 

Asset selection Security selection Stock selection 

Semi-constrained Max 10% short 

RRA  𝛾 (gamma) 

ESG investing Sustainable investing  Responsible investing  

1/N  EW 

Eikon  Refinitiv (same database) 
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1. Introduction 

Over the past century, financial markets have experienced a significant development in terms of 

revolutionary portfolio construction methods, and the expansion of financial products or 

instruments available for investors. Today, financial markets include various submarkets such as 

capital markets, money markets, commodities markets and derivatives markets. Focusing on capital 

markets, they are widely used by investors to provide returns on their invested capital. Therefore, 

investors constantly try to evaluate the performance of their investments, but this process can be 

very comprehensive if you do not have the extensive knowledge. Thus, private banks, investment 

banks, hedge funds and other financial advisories make a living of tracking and performing asset 

allocation for both institutional and individual investors (Pagdin & Hardy, 2018). The world is 

constantly changing both in terms of economy and climate, and many so-called “trends” emanates 

from these changes. Therefore, the evaluation of financial performance of investments may need 

to be adjusted for new relevant parameters that reflects these trends (Kalisperas L., 2018). 

 
Traditionally, the financial performance of investments has been dependent on the ability to identify 

the relationship between expected risk and return of an investment (CFA Institute, 2015). Investors 

seek to find the most attractive risk-return tradeoff when creating portfolios of assets. An extensive 

number of theories and models have been developed within the literature of investment and asset 

management. These include Random Walk Theory (RWT), Efficient Market Hypothesis (EMH) and 

Modern Portfolio Theory (MPT). The former was published by Burton G. Malkiel (1973) and refers 

to the fact that share prices take an unpredictable and random path, which means that the share 

price has the same probability of rising as it has of falling in the future. Secondly, developed by 

Eugene Fama (1970), the EMH essentially states that all available information is reflected in the 

share price. Therefore, share prices will be correctly priced in the market according to this theory, 

which has been subject to controversial debates between academics (Pagdin & Hardy, 2018). 

 

In 1952 Harry Markowitz revolutionized the investment universe with his theoretical contributions 

to portfolio selection. He established the MPT, which later was expanded by James Tobin and 

William Sharpe in 1958 and 1964, respectively (Mangram, 2013). One of the key concepts was 

‘diversification’. They showed that investors were able to construct portfolios of assets that 
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maximized the expected returns, while minimizing the investment risk. This could be done by 

diversifying away the unsystematic risk and thereby obtaining a portfolio on the efficient frontier 

(Ibid, 2013). A main assumption is that investors are said to have mean-variance preferences, and 

therefore choose optimal portfolios in regard to expected return and risk (Munk, 2018). However, 

as the investment universe is changing and new parameters begin to influence the investor 

preferences, different aspects may need to be considered when constructing investment portfolios 

and evaluating their performance. 

  

Experts and debaters within finance have begun discussing how sustainable finance influence 

investment decisions and portfolio selection. Sustainable finance slowly became a part of corporate 

considerations around 30 years ago but was primarily used as a way to build a good public 

reputation (GFSR, 2019). Sustainable finance has more recently become characterized as the 

incorporation of environmental, social and governance (ESG) factors in investment strategies, 

fundamental firm values and business decisions (Ibid, 2019). 

“Portfolio investors are increasingly focusing on ESG considerations. This practice started in 

equity investments by investors seeking long-term value-creating information…	For investors, the 

willingness to invest sustainably coexists with performance considerations. There is no conclusive 

evidence in the literature that sustainable funds consistently out- or underperform conventional 

funds” (GFSR, 2019, p. 85) 

In recent years, ESG factors have become highly relevant for both institutional and private investors. 

The interest is primarily driven by the global climate changes, environmental disasters and social 

and governance related scandals (Hill, 2020). As stated in the quote from The Global Financial 

Stability Report (GFSR) published in October 2019, ESG considerations are becoming central to 

investors when seeking long-term value. In spite of the growing interest for sustainability, there is 

no conclusive results in existing literature that finds a consistent positive relation between 

sustainability and financial performance (GFSR, 2019).  
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In 2018 assets under management (AUM) focusing on ESG issues represented around $12 trillion, 

which illustrates the upward going trend towards responsible investing (Hill, 2020). In addition, a 

Wall Street firm discovered that around 75% of individual investors had a desire to include ESG 

factors into their investment decisions (Ibid, 2020). In contrast to traditional key financial figures, 

ESG issues are not easy to quantify in monetary terms. However, they can have a significant 

influence on financial performance in terms of risk and return of investments (GFSR, 2019). Examples 

of ESG issues can be seen as follows1. 

  
Table 1.1: CFA Institute (2015) classification of ESG pillars. Source: CFA institute (2015). 

 

These examples are not definitive, and they are often interlinked, which makes it difficult to 

conclusively distinguish between environmental, social and governance issues (CFA Institute, 2015).  

 

Since ESG factors are becoming central elements to incorporate in the investment decision process, 

investors may have to adjust the evaluation of financial performance of these investments. The 

question of how to adopt ESG measures into the investment process is crucial and there may not 

be a correct answer on how to do it (ussif.org). 

 

United Nations principles for responsible investment (UNPRI) and European sustainable investment 

forum (Eurosif) focus on the systematic and direct inclusion of ESG factors into conventional financial 

analysis and investment choice (UNPRI, 2018; Eurosif, 2018). The CFA Institute (2015) introduce 

specific investment strategies that can be used to accommodate the ESG preferences of investors. 

Narrowing down the inclusion of ESG, this thesis focuses on how to integrate ESG factors by using 

ESG-scores in the security selection process, and how optimized portfolios based on selected ESG 

 
1 These examples are established by the CFA institute (2015) 

Gender and diversity Political contributions

Data protection and privacy Lobbying

Air and water pollution Human rights Board composition

Deforestation Labor standards Whistleblower schemes

Water scarcity Customer satisfaction Bribery and corruption

Waste management

Environmental issues Social issues Governance issues

Climate change and carbon 
emissions
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strategies perform compared to the S&P500. In order to achieve this, traditional portfolio 

optimization models such as the mean-variance and equally weighted portfolio methods are used 

in accordance with selected ESG strategies. The extensive attention drawn to this academic area 

has increased over the past years, and the future prospects for ESG presented in the GFSR from 

October 2019, play a major role in our motivation for contributing to existing literature within this 

area. The objective of this thesis is to provide an integration of ESG into existing portfolio 

construction, which leads to following research question: 
 

“Considering the US stock market, how do portfolios constructed on the ESG-motivated 

investment strategies, “Best-In-Class”, “Exclusionary Screening”, “Momentum”, and “Thematic 

Investing”, perform on an out-of-sample risk-adjusted basis in comparison to the S&P500 from 

January 2010 to December 2019?” 
 

1.1 Elaboration on research question 

The decision to investigate ESG-motivated investment strategies is based on the growing interest 

for sustainable investing. Several studies have examined the relationship between financial 

performance and ESG-performance2, as to why we, find it interesting to study the performance of 

US stock portfolios that are selected based on ESG. It is important to note that every time 

performance of our investigated strategies is mentioned throughout this thesis, it is the out-of-

sample performance.  

The S&P500 is selected as the benchmark used for comparison, as this serves as an acceptable 

proxy for the overall return on the market. In order to compare the performance of these ESG-

motivated investment strategies we apply two different portfolio approaches; equally weighted 

(non-optimized) and mean-variance (optimized). The constructed portfolios from these two 

approaches will separately be compared to the performance of the S&P500.  
 

The emergent interest for ESG within the last decade emanates from the lack of responsibility in 

the financial markets during the crisis that leads up to our sample period (Hill, 2020). Another reason 

for choosing this 10-year period for analyzing performance is due to the significant improvement in 

 
2 This will be elaborated further in chapter 2 & 3. 
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available ESG data. Over the last decade, ESG-data providers continuously cover a larger part of 

the investment universe, which enables us to investigate the relationship between ESG and financial 

performance more thoroughly (Eurosif, 2018).  

 

1.2 Working questions 

The purpose of our research question is to investigate how the integration of ESG-matters into 

security selection affect the risk and return of portfolios constructed on this basis. This is done 

through four specific investment strategies that each incorporate ESG in different ways3. Further we 

provide three working questions that shall serve as a guideline for the structure of our thesis. These 

questions therefore lay the foundation for our methodological approach and the subsequent 

analysis. 

i) How does the application of equally weighted and mean-variance portfolio approaches 

influence the out-of-sample performance evaluation? 

ii) What role does investor risk preferences, and restrictions on portfolio construction play, in 

the out-of-sample performance analysis? 

iii) In the assessment of performance, how does the practical realizability of the implemented 

ESG strategies unfold? 

These questions will implicitly unfold throughout the analysis and thereby lead up to the conclusion 

of our main research question. 
 

1.3 Contributions and limitations 

We expect the results of this thesis to contribute to the existing investment literature by providing 

an extensive view on whether ESG-motivated portfolios of stocks provide higher or lower risk-

adjusted returns than S&P500. The goal is not to present a universal conclusion, but rather to 

present our results in a way that contributes to the understanding of how ESG affects the risk and 

return on stock portfolios.  

 

Studies within sustainable finance are widespread, and the possible subjects to investigate within 

this area vary a lot. Therefore, we have chosen to narrow down our area of investigation to focus 

 
3 The characteristics and the implementation of these strategies are thoroughly described in chapter 3. 
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on the construction of stock portfolios using US based securities and comparing their risk-adjusted 

returns to a US based benchmark, namely the S&P500. The securities selected are assorted with 

respect to ESG-scores through one specific data provider (Refinitiv). The rationale behind not 

including other data providers is that this study does not focus on the difference in available ESG 

data, but rather how ESG-scores affect performance evaluation. With respect to the selected ESG 

strategies, we are aware that general investment theory presents many variations of strategies for 

investors to implement. However, to avoid being too unspecific, we have chosen to be inspired by 

the ESG strategies presented by CFA Institute (2015). Furthermore, as this thesis is not an analysis 

of the quality of different portfolio approaches, we choose to implement two traditional portfolio 

approaches, namely the mean-variance optimization model and the equally weighted portfolio.  

 

As this study seeks to evaluate the performance of several investment strategies, it is relevant to 

address which investor perspective this performance is evaluated through. Rather than addressing 

big institutional investors, we have chosen to relate our analysis and results to the individual private 

investor. This investor is more limited in terms of information gathering and trading capabilities 

compared to institutional investors. 
 

1.4 Structure of thesis 

The structure of this thesis is as follows: Initially, in chapter 2, a review on existing literature within 

the area of responsible investing is provided. In chapter 3, we explain ESG and its components, as 

well as the motivation behind investing in ESG and the ESG strategies we implement. Following, 

chapter 4 will provide an insight into traditional security selection methods, along with an 

introduction of how ESG is incorporated in security selection. Chapter 5 presents the portfolio 

mathematics behind the mean-variance and the equally weighted portfolio approaches, which 

functions as the foundation of our portfolio construction based on the ESG-motivated strategies. 

Moreover, it introduces the effect of investor risk preferences and how CAPM lays the foundation 

for performance measures. In chapter 6, we walk through our data preparation process and the 

methodological approach used to obtain risk-adjusted performance measures for our implemented 

ESG strategies. Additionally, this chapter includes a presentation of the comprehensive financial 

model we have used. Next, chapter 7 provides a presentation of our results, while chapter 8 
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presents a comprehensive analysis of the out-of-sample risk-adjusted returns obtained. Chapter 9 

discusses central aspects of the thesis, including what implications our approach throughout this 

thesis could have. Lastly, chapter 10 concludes on the analysis in relation to our main research 

question. 

2. Literature review 

This section provides an insight into the current academic universe of responsible investing and 

how ESG factors impact the investment decision. Initially, an overview of ESG investing studies and 

their focus will be presented. Afterwards, the focus will turn towards the literature of the 

incorporation of ESG factors into investment decisions and how the financial performance is 

affected. 

 

Academic literature has increasingly started focusing on ESG factors in the investment decision 

process. Considerations in regard to socially responsible investing (SRI) have been present 

throughout the past decades, but clear definitions and investment strategies have more recently 

become a central part of this literature (Wallis & Klein, 2015). Although academics have been 

inconsistent in their terminology when addressing ethical investing, SRI, RI, or value-based 

investing, the definition of SRI remains somewhat consistent: “integration of certain non-financial 

concerns, such as ethical, social or environmental, into the investment process” (Sandberg et al., 

2009). Ambiguity within the terminology has been a primary source of confusion. Many terms are 

used interchangeably such as ‘sustainable’, ‘eco’, and ‘green’ that all cover the environmental 

aspect. Furthermore, ‘ethical’ has often been used in regard to social matters and is more currently 

addressed as ‘socially responsible investing’ or just ‘responsible investing’. To lower the confusion, 

the term ESG investing is used in order to capture the wide assessment of these activities 

(Daugaard, 2019). Environmental, social, and governance all function as main categories that cover 

a large number of sub-categories such as carbon emissions (E), diversity (S), and corruption (G). 

Thus, recent literature commonly prefers using ESG investing as a descriptive term due to the more 

comprehensive inclusion of the individual components that are present in the investment decision 

process (Hill, 2020).  
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An essential question in past literature have been whether or not the value of a firm is affected by 

its ability to adopt ESG practices. Palmer et al. (1995) argue that additional costs are created when 

implementing socially responsible investment practices, while other studies reason that the positive 

reputational effects of considering CSR influence the economic value of a firm positively 

(McWilliams & Siegel, 2006). Some scholars even argue that investments in ESG factors can be 

considered as an insurance against reputational risks (Zuber, 2017). Consequences of not 

considering these factors can be extremely damaging (Godfrey et al., 2009). Recent scandals like 

Volkswagen’s falsified data on carbon emissions for their “clean diesel” vehicles, and DuPont’s 

chemical spills are examples of how wide-reaching the consequences can be when not paying 

attention to ESG factors. Volkswagen consequently had to pay $4.3 billion in fines in the US and 

additional penalties in Europe. In addition, the company were obligated to buy back all the cars 

that were sold under false pretenses (Hill, 2020). DuPont’s chemical spill also caused huge economic 

and reputational damage as the firm paid millions of dollars in fines for knowingly polluting 

communities with toxic chemicals (Nair, 2017). Both cases provide evidence of how big reputational 

and economic consequences, the ignorance of ESG factors can have. On the other hand, a good 

reputation is often associated with high quality. Moreover, it can be a source to improving 

stakeholder commitment in terms of providing capital, credit availability, or cooperation 

agreements (Wang et al., 2008). 

 

Besides companies incorporating ESG in operating practices through CSR or other company 

guidelines, investors’ interest within this area is continuously increasing. Traditionally, risk, return 

and liquidity have been the central elements investors address when considering investment 

opportunities. As earlier mentioned, the integration of the ESG aspect have more recently become 

a major influence in making investment decisions (Wallis & Klein, 2015). 

 
Figure 2.1: Investor needs in the investment process (own contribution. Source: Wallis & Klein, 2015). 
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This figure shows the transition from traditional investor considerations to the incorporation of ESG 

in the investment decision. Both individual and institutional investors have in various surveys 

expressed the importance of ESG practices (Ibid, 2015). Moreover, the nonprofit organization, 

Principles for Responsible Investing (PRI) have experienced a significant increase in the number of 

signatories4 (Daugaard, 2019). They have listed six principles5 that these signatory organizations will 

incorporate in their investment philosophies. The number of signatories has grown to approximately 

2,000 on a global scale (Ibid, 2019). In addition, several other services and initiatives provide 

frameworks for ESG and/or sustainability performance. Global Reporting Initiative (GRI), OECD 

Guidelines, United Nations Global Compact (UNGC), Sustainability Reporting Guidelines, and 

SASB are among the best known (Hill, 2020). This highly emphasize the importance of ESG, but 

how is the financial performance of investments affected by the growing importance of ESG? 

 

Since the 1970s, empirical studies on the relationship between ESG and corporate financial 

performance have grown significantly, amounting to over 2,000 studies today (Friede et al., 2015). 

The majority of academic papers have primarily been focusing on the isolated financial performance 

of responsible investments versus conventional investments (Capelle-Blanchard & Monjon, 2012; 

Benson & Humphrey, 2008; Friede et al., 2015). However, there are some studies that focus on the 

integration of ESG factors into portfolio optimization models. Utz et al. (2014) present a framework 

for inverse optimization by extending the Markowitz approach so that it can incorporate a third non-

financial criterion. Efficient portfolios are then tied to volatility, expected return, and an ESG-score, 

which causes the traditional non-dominated efficient frontier to become a surface (Utz et al., 2014). 

Further, Pedersen et al. (2019) introduces the ESG-efficient frontier, which conceptualizes the 

responsible investor’s portfolio choice. By using four-fund separation, they are able to include the 

ESG scores of individual stocks in the traditional theoretical work of Markowitz, and thereby derive 

the ESG-efficient frontier. The optimal portfolio choice depends on the investor preferences, which 

 
4 Signatory refers to the signing of the internationally recognized Principles for Responsible Investment.   
5 Principles are listed by Principles for Responsible Investment in their blueprint for responsible investment for 2017 - Principle 
1: We will incorporate ESG issues into investment analysis and decision-making processes. Principle 2: We will be active 
owners and incorporate ESG issues into our ownership policies and practices. Principle 3: We will seek appropriate disclosure 
on ESG issues by the entities in which we invest. Principle 4: We will promote acceptance and implementation of the Principles 
within the investment industry. Principle 5: We will work together to enhance our effectiveness in implementing the principles. 
Principle 6: We will each report on our activities and progress towards implementing the principles. 
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rationalizes their distinction between three different types of investors: ESG-unaware, ESG-aware, 

and ESG-motivated investors (Pedersen et al., 2019).  

 

Contemplating on the relationship between financial performance and ESG factors, the results 

among academics have shown not to be consistent. The paper by Friede et al. (2015) appears to 

be the most exhaustive study on this topic up until this date. Both negative and positive outcomes 

of studies on financial performance and ESG have been found, but the majority of these studies 

have proven the relationship to be nonnegative (Ibid, 2015). Thus, inconclusiveness is somewhat 

prevailing within this research area. However, many parameters and circumstances within these 

studies are important when explaining the correlation between financial performance and ESG. 

Since 90 percent of the studies have shown a nonnegative relationship, and the majority of these 

have proved a positive relationship between ESG and financial performance, the support for the 

business case of ESG investing may seem strong (Hill, 2020).  

 

When addressing financial performance of investments, the portfolio-level analysis is relevant to 

consider. As previously mentioned, both Pedersen et al. (2019) and Utz et al. (2014) have created 

frameworks that consider ESG factors in portfolio construction and optimization. However, 

Renneboog et al. (2008) argue that believers in the EMH, developed by Eugene Fama (1970), claim 

that it is not possible for ESG or SRI funds to create portfolios that outperform their peers. 

Furthermore, they argue that they are not able to generate abnormal returns. Nevertheless, the 

information generated in SRI or ESG screening processes can be valuable if it is not available to all 

investors (Renneboog et al., 2008). Conversely, a later study by Nagy et al. (2015) have shown that 

the incorporation of ESG-scores into selected ESG strategies have been able to outperform the 

MSCI World Index over a specific sample period (Nagy et al., 2015). ESG-scores have become a 

well-known indicator of the magnitude of ESG considerations that are implied in companies’ 

operations. Prominent providers of ESG-scores such as Morningstar, Refinitiv, Sustainalytics, and 

MSCI all quantify the ESG performance of companies through these scores (Hill, 2020). The 

implementation of such ESG-scores into portfolio construction may, to some extent, provide 

possibilities for ESG-motivated investors to outperform the benchmark (Nagy et al., 2015).  
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Not only the traditional work by Eugene Fama (1970) is being challenged with new academic 

findings within this area. As previously mentioned, Markowitz’ (1952) portfolio optimization model 

has also been subject to modifications by Utz et al. (2014), Lundström & Svensson (2014), and 

Pedersen et al. (2019). However, traditional portfolio optimization could still be a useful method to 

provide well diversified portfolios by taking ESG into consideration through different asset selection 

strategies (Nagy et al., 2013).  

As stated in section 1.1-1.3, this thesis seeks to add to existing literature on the performance of 

portfolios constructed by assets selected through different ESG investment strategies. 
 

3. Environmental, Social, and Governance (ESG) 

To lay the foundation for this thesis, this chapter will discuss the rationale behind ESG investing and 

the elements influencing the investment decision. Initially, the driving forces behind ESG will be 

presented in order to create the context so that the reader is able to understand what components 

constitute ESG investing. Next, the different motivations behind considering ESG criteria in the 

investment decision will be assessed. Finally, the ESG-motivated strategies will be thoroughly 

described in order to provide an understanding of how specific securities are selected for our 

portfolios. 
 

3.1 Extended literature on E, S, and G 

In the process of decomposing the ESG measure, the influence of the sub-factors environmental 

(E), social (S), and governance (G) on corporate financial performance, has also been an interesting 

subject in academic literature. As mentioned in the literature review, inconsistency among academic 

findings of the relationship between financial performance and ESG performance is prevalent. As 

the three categories comprises many different sub-factors that affect the overall assessment of ESG, 

it is relevant to consider these on an individual level. Furthermore, investors may have different 

preferences within ESG, which makes it reasonable to address E, S and G separately. For instance, 

some may only consider environmental factors, while others may focus on humanitarian (social) 

issues, which makes their investment strategies distinctive.  
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Environmental factors 

The interest of environmental care in relation to economic performance dates back to the 1980’s. 

McGuire et al. (1988) presents three concepts that all have different assumptions about this 

relationship. Initially, the management experiences a trade-off between economic and 

environmental performance. Thus, improvement in environmental performance causes a decrease 

in economic performance. Secondly, the expenditures related to improvement of environmental 

performance are not extensive and may produce benefits like employees’ “feeling for doing good” 

or increased productivity (McGuire et al., 1988). This view is further supported by Porter et al. (1995) 

who argue that environmental regulations are not necessarily more costly for a firm, but rather foster 

innovations that comply with these new regulations and thereby create value (Porter et al., 1995). 

The third concept suggests that expenses in relation to the improvement of environmental 

performance will be compensated by increases in revenue or reduction of other costs (McGuire et 

al., 1988). These theoretical concepts have been the foundation for various hypotheses in recent 

studies within this area. The majority of these studies have been event based, which makes it difficult 

to generalize results and reduces the ability to say something about the long-term effects. This is 

because the event window usually only lasts for a limited time-period, and it does not incorporate 

other economically influenced events that could affect the financial performance (McWilliams et al., 

1999). Although the event study approach has been criticized, the majority of these studies have 

found evidence that the environmental performance positively affects the financial performance of 

firms (Hamilton, 1995; Yadav et al., 2016; Dowell et al., 2000). 

 

The environmental factor consists of a variety of components that may be of high interest 

depending on investor preferences. Parameters like air or water pollution, carbon emissions, waste 

management etc.6 are examples of what constitute the environmental pillar (Hill, 2020). For 

investors who mainly seek to invest in environmentally aware stocks, the availability of specific data 

on these matters has increased significantly (Ibid, 2020). According to a recent study by the CFA 

Institute 50% of the investors that include ESG considerations in their investment decisions, focus 

specifically on environmental factors (CFA Institute, 2015). The Refinitiv database, as is applied in 

 
6 The Global Reporting Initiative (GRI) lists following elements within the environmental category (Hill, 2020): Materials, energy, 
water and effluents, biodiversity, effluents and waste, environmental compliance, supplier environmental assessments. 



 19 

this thesis, provide quantified data on specific environment-related issues. Examples of these are 

resource use score, emissions score, and environmental innovation score, that are all incorporated 

in the combined ESG-score (Refinitiv, 2020)7. Investors are therefore able to structure their 

investment strategies that incorporate specific measures within the environmental pillar. 

 

Social factors 

According to Friede et al. (2015), the social aspect is the sub-factor within ESG that is least positively 

intercorrelated with corporate financial performance. However, they find that some studies have 

shown that policies related to organizational human resources can have a substantial impact on the 

financial performance of companies (Friede et al., 2015). Human resource management can 

therefore provide an economic effect if a competitive advantage is created through the integration 

of this matter into the overall corporate strategy (Jackson & Schuler, 1995). Furthermore, employee 

satisfaction and customer loyalty are influential factors that are positively related to financial 

performance of companies (Molina & Ortega, 2003). 

Other aspects like diversity have also been of interest when considering social factors and their 

influence on financial performance. Herring (2009) finds that gender and racial diversity both have 

a positive effect on the economic result of a company. However, when investigating the gender 

diversity on boards in European firms, the results mainly show no conclusive effect (Herring, 2009; 

Marinova et al., 2010). Another interesting aspect to address, is whether human capital orientation 

affects the financial performance. In a comprehensive study conducted by Lukasz Bryl (2018), 7.204 

publicly listed companies are used to examine this relationship. He finds that firm strategies that 

prioritizes human capital orientation have a tendency of providing great profitability and above-

average financial performance (Bryl, 2018). 

 

The composition of parameters that affect the social performance of firms may be of interest to 

several investors. Conventionally, social issues are mostly associated with reputation when 

considering parameters such as child labor, health and safety, diversity etc.8 (Hill, 2020). 

 
7 The composition of these scores is further explained in chapter 6. 
8 Total comprehensive list is found in Hill (2020) chapter 9, page 170: Employment, labor/management relations, training and 
education, human rights assessment, customer privacy, occupational/health and safety, diversity and equal opportunity. 
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Nonetheless, negative publications about corporate actions within these areas can lead to 

damaging economic consequences (Ibid, 2020). On the other hand, awareness and integration of 

solid human resource management into company policies can have a positive influence on 

corporate financial performance (CFA Institute, 2015). As with the environmental pillar, Refinitiv 

provides specific quantified information on social performance through parameters like workforce 

score, human rights score, and community score (Refinitiv, 2020). Strategies focusing on only this 

pillar can therefore be constructed by investors with a particular interest in social performance. 

 

Governance factors  

The meta-analysis conducted in the study by Friede et al. (2015) finds that governance as a sub-

factor in ESG represents the strongest relation to corporate financial performance. These results 

comply with the survey conducted by the CFA Institute (2015), where 64%9 of the respondents 

rather would take the governance parameter into consideration when investing (CFA Institute, 

2015).  

 

When discussing the effect of corporate governance on financial performance, the majority of 

studies distinguish between external and internal governance (Van Huijgevoort, 2018). Research on 

internal governance mainly focus on the impact of size of board, board independence and the firm’s 

level of leverage on financial performance (Ibid, 2018). A comprehensive study by Guest (2009) 

provide evidence that smaller boards have the ability to work more efficiently. This is because large 

boards have a tendency of facing difficulties in decision making and poor communication (Guest, 

2009). Considering board independence, McAvoy et al. (1999) investigates the effect of board 

independence on financial performance. Here they argue that an independent board has the 

incentive to make decisions that imply management to act in favor of shareholders, which help 

increasing earnings per share (McAvoy et al., 1999).  

External governance studies have been highly focused on the level of corporate control, and how 

it affects the financial performance (Van Huijgevoort, 2018). Weir et al. (2002) found evidence that 

 
9 The respondents all answered the question “Which, if any, of the following ESG issues do you take into account in your 
investment analysis or decisions?”. To that, 64% answered ‘Governance’, 50% answered ‘Environmental’, 49% answered 
‘Social’, and 27% answered ‘I do not take ESG factors into consideration’. 
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corporate control can act as an effective disciplinary mechanism, and therefore have an impact 

(both negatively and positively) on financial performance.  

 

Both the external and internal governance issues that have been examined in academic literature, 

seems to be in accordance with the findings from the CFA Institute survey from 2015. Here 

respondents rate board accountability10 and executive compensation11 as some of the most 

important issues when considering the governance aspect (CFA Institute, 2015).  

 

The above-mentioned findings give an indication of how the governance pillar could be of specific 

interest to some investors. Following Lundsröm & Svensson (2014), the list of elements within this 

pillar involve board independence, shareholder protection etc.12 As this ESG sub-factor has proven 

to be of high interest when discussing the relationship between ESG and financial performance, 

specific components have been quantified (like for the environmental and social pillars) by Refinitiv. 

This includes, management score, shareholders score, and CSR strategy score of which all are 

examples of scores that can provide investors with information about governance issues (Refinitiv, 

2020). Therefore, investors with governance-related preferences are able to construct investment- 

and asset selection strategies with specific focus on this matter.  

 

Summarizing the distinction between E, S, and G, and their individual impact on financial 

performance, we see that many studies have been conducted with specific interest in the individual 

factors. All three of these factors have shown to have an impact on financial performance to a 

greater or lesser extent. Investors with preferences for a specific factor are therefore able to compile 

quantified data on specific matters in order to make investment strategies that comply with their 

preferences. As previously mentioned, we implement strategies inspired by CFA Institute, where 

we focus on the combined ESG-score and the scores of E, S, and G separately. We will touch upon 

these strategies later in this chapter. 
 

 
10 78% rates board accountability as the most important issue when addressing corporate governance 
11 61% rates executive compensation as the most important issue when addressing corporate governance 
12 Comprehensively stated by Lundström & Svensson (2014), governance factors include: Board independence, corruption & 
bribery, reporting & disclosure, shareholder protection, business ethics, executive compensation. 
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3.2 The motivation behind ESG 

With a growing number of climate-related catastrophes, socially controversial scandals, and 

governance-related issues, the phrase “doing well while doing good” has become frequently used 

in RI-related literature (Zuber, 2017). Both institutional and individual investors are beginning to 

redefine their investment motives, but will risk and return continue to overshadow the investment 

motives? And can investors actually do good while doing well?  

 

Rationalizing the motives behind investing responsible can be difficult and indefinite due to the 

many different aspects that should be considered. Religious beliefs, regulatory constraints, 

individual social or ethical values, and even the risk-return tradeoff can be influential factors in 

investors’ decision to choose ESG-motivated portfolios (Daugaard, 2019). The financial aspect of 

investing will continuously have a major impact, so the connection between ESG considerations 

and the financial performance of these investments in terms of risk-adjusted returns is fundamental 

in this discussion. Since ESG is a non-financial parameter, academic literature has found it 

challenging to make a definite economic rationale for investing under these conditions (Wallis & 

Klein, 2015). However, the discussion of investor motives may need to acknowledge the importance 

of considering investor preferences. 

 

Revisiting the theory on the efficient market hypothesis (EMH) by Eugene Fama (1970), an extensive 

view on the pricing of assets should be discussed. Fama’s theory relies on the assumption that asset 

prices fully reflect all available information when the conditions of theoretical equilibrium are met: 

i) there are no transaction costs, ii) equal access to all information by all market participants, and iii) 

they have identical expectations for future stock prices (Fama, 1970). In practice, this ideal is 

unachievable, but it remains a theoretical foundation in financial theory. 

 

The discussion of whether ESG factors are reflected in stock prices or not, is very interesting when 

addressing the question of financial performance and the possibility of abnormal returns. As 

touched upon in the literature review, studies have shown positive relations between ESG factors 

and risk-adjusted stock returns. Whether this relationship is due to a compensation of risk or actual 
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mispricing of stocks is interesting to investigate. Manescu (2011) investigates stock returns from 

1992 to 2008 in relation to ESG performance. She defines three scenarios in order to understand 

the relation between non-financial and financial factors’ influence on performance. The first one is 

the no effect scenario, which states that there is no apparent difference in risk-adjusted returns of 

firms with high ESG-scores and companies that do not consider ESG. This scenario complies with 

the EMH, if the ESG performance does not provide new information that affect the pricing of the 

asset. Even if new information relevant for pricing is provided, the public availability of this 

information will determine whether it is already incorporated in the stock price. If this is the case, 

according to the EMH, the risk-adjusted returns of firms with high ESG-scores should be no different 

from those with low ESG-scores (Manescu, 2011). The second scenario is the mispricing scenario, 

where the value generated by the ESG performance of firms does not provide sufficient information 

to be incorporated in stock prices. This will therefore result in either lower or higher risk-adjusted 

returns for firms with high ESG-scores, depending on the relationship between costs and benefits 

from their ESG actions. Incomplete information can result in over- or underestimation of the costs 

and benefits associated with ESG, and thus result in inefficiency in stock prices. An underestimation 

of ESG benefits could be connected to surprisingly positive earnings or lower volatility than 

expected, which could cause asset mispricing (Manescu, 2011). Lastly, the third scenario is the risk 

factor scenario that assumes that firms with low ESG scores have a tendency of providing higher 

expected returns for investors due to their nature of carrying a non-sustainability risk premium. This 

implies that the ESG-score of a firm could indicate its exposure to risk factors related to non-

sustainability. In other words, low ESG firms are being compensated with higher expected returns 

for taking on non-sustainability risk. In her study, she finds that community relations and employee 

relations had a positive effect on stock returns, which possibly could be due to some mispricing 

(Manescu, 2011). This is somewhat contradicting to the findings of Friede et al. (2015), who suggests 

that the social factor is the least correlated with financial performance.  

 

Contemplating on these scenarios, it is interesting to find out if the portfolios we create in this 

thesis, based on ESG criteria, can represent one of the scenarios presented by Mancescu (2011). 

We will present and analyze the results of our ESG-motivated portfolios in chapters 7 and 8. 
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If all information about the ESG performance of companies is reflected in stock prices, the 

mispricing scenario will not be applicable. However, Nagy et al. (2015) argues that by introducing 

two strategies, ESG Tilt and ESG Momentum, investors are able to obtain abnormal returns. This 

view is further supported by Friede et al. (2015) and Eccles et al. (2012), who both find evidence of 

long-term outperformance of high ESG stocks. Opposing results are found by Hong & Kacperczyk 

(2009), who find that so-called “sin”13 stocks are assigned a bigger risk-premium and therefore 

deliver higher expected returns. However, altogether, these findings implicitly suggest that 

sufficient ESG information may not be reflected in stock prices.  

 

As ESG considerations has become more quantifiable through the presence of ESG ratings, it is still 

a non-financial parameter that affects investment decisions. The utility of investors is therefore 

essential to take into consideration when constructing portfolios. Previous literature has suggested 

different utility models that consider investor preferences when comparing ESG investments to non-

ESG investments (Hong & Kacperczyk, 2009; Daugaard, 2019). The MPT is based on the assumption 

that investors are said to have mean-variance preferences, which could be challenged by the 

motivation behind ESG investing. To accommodate this challenge, recall that Pedersen et al. (2019) 

introduces three types of investors: ESG-unaware, ESG-aware, and ESG-motivated, that have 

different preferences and therefore may differ in their portfolio choices. The ESG-unaware investors 

simply follow the traditional mean-variance optimizing utility. The ESG-aware investors also have 

mean-variance preferences, but in contrast to the first type of investor, they use the ESG-scores of 

assets to reevaluate their views on expected return and risk. Finally, the ESG-motivated investors 

scrutinize the ESG information of stocks because of their preferences towards high ESG-scores. 

Thus, the portfolio choice of an ESG-motivated investor will be highly influenced by the desire of 

an optimal tradeoff between high ESG-score, low risk and high expected return (Pedersen et al., 

2019). 

 

 
13 Within sustainable finance, sin stocks commonly refer to stocks that do not comply with ESG standards and norms (Hong & 
Kacperczyk, 2009). 
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To accommodate this type of investor’s utility, they have constructed an ESG-efficient frontier by 

using four-fund separation14. This means that portfolios on this frontier are composed by the use of 

a risk-free asset, the minimum-variance portfolio, the tangency portfolio, and the ESG-tangency 

portfolio, which they derive15. 

 
Figure 3.1: The ESG-Efficient Frontier. Source: Pedersen et al. (2019) 

 

The ESG-aware investors will choose the portfolio with the highest Sharpe ratio (SR) due to their 

preference of highest possible excess return. On the other hand, the importance of utility is highly 

illuminated by the ESG-motivated investors. They are willing to choose a portfolio with a lower SR 

in order to fulfill their preference of portfolios with high ESG scores. However, investors that are 

willing to compromise high ESG-scores, but still seek a portfolio on the ESG-efficient frontier, are 

still able to obtain a relatively high SR (Pedersen et al., 2019). Three main findings of Pedersen et 

al. (2019) are i) investors who screen out low ESG-scoring companies give up some level of SR ii) 

using emissions as proxy for financial performance does not provide a higher SR, although this was 

expected iii) the best parameter to predict future financial performance, turns out to be the 

governance pillar (Ibid, 2019). 

 
14 This thesis will elaborate on the concept of two-fund separation as opposed to Pedersen et al. (2019). Specifically, chapter 5 
will present the mathematics behind minimum-variance and tangency portfolio. 
15 The ESG-tangency portfolio is actually the tangency portfolio if the expected excess returns are replaced with the ESG-
scores. See Pedersen et al. (2019) p. 10. 
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Although the intent of this thesis does not imply modifying portfolio-related theoretical frameworks, 

the work by Pedersen et al. (2019) gives us a notion of how investor preferences influence the 

portfolio choice. Instead of creating portfolios that are found on the ESG-efficient frontier, this thesis 

will investigate the asset selection and portfolio construction given specific ESG strategies. 

Subsequently, the selected portfolios will then be optimized using traditional optimization theory 

and compared to the chosen benchmark (S&P500). Hence, investors’ preferences for ESG 

performance will be implied in the ESG strategies. 
 

3.3 Description and application of ESG-motivated strategies 

In this section, we will present and discuss the various ESG-motivated investment strategies 

implemented in this thesis. As the investment strategies that consider ESG issues are, to a certain 

degree, unclearly defined and categorized in the literature, we provide a thorough description and 

discussion of each of the investment strategies, that we implement in this study (Zuber, 2017).  

 

There are several ways to align a strategy with regard to sustainability and responsibility. The 

Chartered Financial Analyst (CFA) Institute distinguish between value-motivated and values-

motivated investors. The former mainly consider ESG issues as a source of economic value, while 

the values-motivated investors not only focus on opportunities and risk but are more interested in 

the moral values. However, a crucial point in the distinction between these two types of investors 

is the assumption that all investors want economic value, but they have fundamentally different 

moral values (CFA Institute, 2015). 

 

According to the CFA Institute (2015) and Eccles & Kastrapeli (2017), there are six methods for 

investors to take ESG considerations into account when making investment decisions: 

i) Best-in-Class selection 

ii) Exclusionary screening 

iii) Active ownership 

iv) Thematic Investing 

v) Impact investing 
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vi) Full ESG integration 

These strategies or approaches to investing with regard to ESG issues are not mutually exclusive, 

and they can be used in combination by both value- and values-motivated investors (CFA Institute, 

2015). Thus, the question of how an investor should consider ESG issues when creating a portfolio 

of securities, is basically a question of which strategy to implement. For the purpose of this thesis, 

we follow three of the six methods for investing as outlined by CFA Institute (2015). Specifically, 

this involves an implementation of the following strategies: Exclusionary Screening (ES), Best-in-

Class (BIC) selection, and Thematic Investing (TI). Given the nature of our study, the Active 

Ownership strategy is rejected as a possible method for us to follow. Taking active ownership 

implies that the investor must initiate a dialogue with companies regarding ESG concerns, and 

thereby affect change through legal ownership rights and influence, which is beyond the scope of 

this study (CFA Institute, 2015). Further, we do not pursue the strategies involving impact investing 

and full ESG integration. As these approaches does not comply with the data used for this study, 

they do not qualify as applicable investment strategies. We include, however, an additional 

investment strategy, ESG momentum, to our series of strategies to evaluate the effect of ESG on 

risk and return on investment portfolios. The practical approach of our four methods for investing 

and their implications are outlined and discussed in the following section. It should be noted that 

each of the strategies are solely focusing on the ESG-performance in the security selection process. 

Recall that the securities used throughout this thesis are US based. The rationale behind using US 

based stocks, will be further elaborated on in chapter 6.  

 

For structural concerns, we will, for the remainder of this thesis define the four main investment 

approaches presented above as strategies. This is done to simplify the fact that we, under each of 

these strategies, present a sub-strategy that focusses on ESG, E, S, and G, separately16.  

 

We will now present the characteristics of each of the strategies we implement in this thesis. This is 

done to provide the reader with an understanding of how these strategies incorporate ESG and 

how they differ from each other. The methodology chapter will elaborate on the data that is used 

 
16 See section 6.4 for comprehensive description of strategies and sub-strategies. 
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as inputs for these strategies. Figure 6.1 illustrates the overall structure of our methodological 

approach in terms of the application of these strategies.  

 

3.3.1 Strategy: Best-in-Class 

Best-in-Class (BIC) selection is the first method that we implement. It refers to investors’ preference 

of firms with an ESG performance that is better when compared to peers within the same sector. It 

distinguishes itself from strategies such as ES as it is applied to filter the securities into sectors. 

Given the data collected from Refinitiv, the securities are filtered into 11 sectors defined by 

Refinitiv17. The top performing securities in terms of ESG-scores in each of the 11 sectors are 

included in the investment portfolio. We select the two best performing companies in each of the 

sectors, which leads to a total of 22 securities in the portfolio and serves as input for the optimization 

model. Implementing this strategy, enables us to investigate the financial performance of a portfolio 

that consists of the best ESG performing stocks in a predefined set of sectors.  

 

A rather significant shortcoming or asterisk related to this study, is that it can be questioned to what 

degree this strategy is actually motivated to ESG issues and if the preferences of the investor are 

fully accounted for. Obviously, during the selection process the best performing ESG securities are 

chosen. However, the fact that each sector contributes equally to the amount of securities chosen, 

implicitly means that sectors with lower average or even poor ESG performance are included in the 

investment portfolio (Zuber, 2017). This “constraint” might force investors following this strategy to 

include stocks that should not have been included if evaluated solely on ESG performance (Ibid, 

2017). With BIC, however, an investor broadens her investment portfolio over a wider range of 

sectors and thereby potentially increase diversification. This lack of exclusion through the BIC 

strategy makes the difference between portfolio holdings among ESG investors and non-ESG 

investors smaller (Ibid, 2017). The above approach of this strategy is further applied for the separate 

E-, S-, and G-scores. 
 

 
17 Sectors defined by the Eikon database are the following: Communication Services, Consumer Discretionary, Consumer 
Staples, Energy, Financials, Health Care, Industrials, Information Technology, Materials, Real Estate and Utilities.  
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3.3.2 Strategy: Exclusionary Screening 

The second strategy is Exclusionary Screening (ES), which is considered the oldest and most 

traditional ESG method. It refers to investors’ avoidance of securities that are against conventional 

moral values, norms and standards. This imply companies that, for example, operate within 

industries like alcohol, tobacco, gambling, and production of controversial weapons (CFA Institute, 

2015). Specifically, this entails that the investor defines a certain type of security that is “sinful” and 

is considered to be violating the moral investment compass of the investor. Regardless of the 

financial attractiveness of a specific security, it will not be considered a potential investment if it 

does not meet the defined screening criteria. CFA Institute (2015) defines a range of criteria an 

investor should contemplate upon, such as excluding securities in the aforementioned industries. 

We are inspired by the screening criteria from CFA Institute (2015) and expand it to a certain 

extent18. Once this exclusionary sorting has been completed, we turn to the quantitative assortment 

of securities. We exhibit an approach that considers the absolute value of the ESG rating on the 

specific securities in our investment universe19, that has not been excluded. Specifically, this narrows 

down the investment universe for this particular strategy. Although we rule out securities belonging 

to a range of sectors, we do not sort the accepted securities further into industries or sectors. 

Instead, we employ an overall assessment of the accepted securities. We choose the top 22 

securities in terms of ESG-score, so this portfolio matches the number of securities used in the BIC 

strategy. This entails that the inputs for our portfolio optimization model is the financial performance 

of the 22 securities selected based on their respective ESG-scores. The above approach of this 

strategy is further applied for the separate E-, S-, and G-scores. 
 

3.3.3 Strategy: Momentum 

The ESG momentum investment approach that we consider is inspired by the work of Nagy et. al 

(2013) for MSCI ESG Research, who analyze a range of ESG-tilted strategies that are implemented 

into portfolio construction. We do not replicate the momentum strategy entirely, but we modify it 

so that it fits our analysis. Nagy et. al (2013) applies the strategy as an approach in which they do 

 
18 Business Sectors we define as “sinful”: Gambling, Oil & Gas – Exploration & Production, Fertilizers & Agricultural Chemicals, 
Other Mineral Extractors & Mines, Defence, Oil – Integrated, Tobacco, Oil & Gas Storage and Transportation, Aerospace & 
Defense, Beverages – Distillers & Vintners, Oil – Services, Steel, Gold Mining, Oil & Gas Refining & Marketing, Oil & Gas 
Equipment & Services, Beverages - Brewers 
19 We elaborate on our investment universe in chapter 6. 
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not exclude any stocks. Instead, they overweigh the stocks that have improved their ESG rating 

within the last 12 months and underweight those who have performed worse in terms of ESG rating 

over the same period. Our approach is a little different. We run a momentum analysis on every 

security, meaning that we assess the development of ESG-scores on the companies’ securities 

presented in our investment universe. We have chosen to analyze a 12-month development as Nagy 

et. al (2013). The objective is to capture short-term upward ESG-score movements. Thus, by doing 

this we are creating a strategy that relies on the causality between upward moving ESG-scores and 

stock returns. We select the number of securities that exhibit over 20 % increase in ESG-score over 

the 12-month period, which results in a total of 16 securities for our portfolio construction. 

Specifically, this entails that the 16 securities in our investment universe with the most positive ESG 

trajectories over the last 12 months are selected (the 12-month cycle starts in January 2019). This 

provides us with a portfolio of securities that is based solely on the development of ESG ratings 

over a given period and thereby is tilted towards the momentum of ESG ratings. Thus, this strategy 

substitutes absolute measures of ESG ratings into changes in ratings as the primary parameter in 

the security selection (Nagy et. al, 2013).  The above approach of this strategy is further applied for 

the separate E-, S-, and G-scores. 
 

3.3.4 Strategy: Thematic Investing (Environmental tilt) 

The fourth approach to handle ESG issues is Thematic Investing (TI), where investment decisions 

are based on social, demographic, and industrial trends. Investment themes like green real estate, 

agriculture, sustainable forestry, and education could be elements taken into consideration when 

applying this method (CFA Institute, 2015; Eccles & Kastrapeli, 2017). We approach TI as a means 

for incorporating certain structural shifts into the investment decision. Explicitly, this means that we 

choose to focus on trends that drive environmental investing. According to Baumann (2018) 

demographic changes, regulation, and innovation are driving the environmental investment 

decision forward to promote long-term sustainable value creation. Firstly, this specifically means 

that alongside a changed demographic attitude towards common consumption, a different attitude 

towards investing has emerged, which has created a strong demand for sustainable investment 

opportunities. There is a greater sense of responsibility among investors, and thus an increased 

focus on ESG matters (Ibid, 2018). Secondly, international regulation, as a driver for more 
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environmental investing with more concrete actions and tightening rules, fosters ESG factors into 

business. Thirdly, the level of change in regard to ESG driven innovation across business models 

has challenged the traditional structure of some industries and contributes to the incremental 

adaptation to ESG matters across the economy (ibid, 2018).  

 

We employ a strategy that will be tilted towards the environmental aspect of sustainability due to 

the description of environmental investment drivers above. Specifically, we evaluate the securities 

in our investment universe with respect to the following scores retrieved from Refinitiv: Resource 

Use Score, Emissions Score and Environmental Innovation Score20. This strategy differentiates from 

the other strategies (BIC, ES, and momentum) as it exclusively considers components of the 

environmental score. These scores represent the elements of the environmental pillar in our ESG 

dataset. For each of these scores, as with BIC and ES, we use the financial data of the top 22 

performing securities within this strategy as inputs for our optimization model.  

 

This section has addressed the motivation behind ESG investing, the decomposition of ESG, and 

the different ESG investment strategies. Thus, relevant factors for ESG-motivated investors to 

consider have been presented, but the approach on how specific stocks are picked in portfolio 

construction remains to be addressed. 
 

  

 
20 See appendix 2 for full definition of Resource use score, Emissions score, and Environmental Innovation score.  
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4. Security selection 

As this thesis focusses on the process of creating portfolios by selecting assets based on specific 

ESG strategies, and further optimizing those portfolios with the use of conventional optimization, it 

is important to address how stocks are selected. Stock selection has been widely studied in 

academia, where different methods have been identified. Generally, theory on this area distinguish 

between active asset selection, or passive asset selection (Damodaran, 2005; Vishwanath & 

Krishnamurti, 2009; Fahmy, 2015). According to Damodaran (2005), performing active asset 

selection has proven to be more costly in terms of recourses, transaction costs, and time 

consumption. However, four methods within this category are widely used by practitioners: intrinsic 

valuation models, relative valuation models, technical analysis models, and private information 

models. On the other hand, passive investing mainly refers to indexing, where investors often invest 

in index funds that replicate, for example, the S&P500 (Damodaran, 2005). 
 

 

4.1 Essentials of active investing 

The choice of which stocks to include in a portfolio can be very comprehensive for investors, and 

there are many parameters to consider when constructing a portfolio. Investors constantly seek to 

find the best possible investable assets in terms of expected returns given the amount of risk they 

are willing to take. As stated, four broad categories of active asset selection methods are usually 

used by investors and investment managers in order to find the best possible investments, and 

thereby achieve their goal of “beating the market” (Vishwanath & Krishnamurti, 2009). 

 

Intrinsic valuation 

How can investors determine the actual value of an investment? Intrinsic valuation seeks to 

determine the value of a given asset by using one of the oldest concepts in finance, namely the 

present value of future expected cash flows. Valuing an asset using this method, requires three 

important inputs: a discount rate, expected cash flows, and the timing of the cash flows 

(Damodaran, 2011). The idea is then to perform a so-called discounted cash flow (DCF) valuation 

of the asset, where the future expected cash flows are discounted using an appropriate discount 

rate. The investor can use this result to determine whether the value of the stock is lower than its 
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actual trading price (undervalued) or higher (overvalued) (Fahmy, 2015). This method is considered 

to be very comprehensive and information intensive and may therefore not be suitable for individual 

investors or portfolio managers that construct portfolios by selecting from a wide universe of assets 

(Damodaran, 2005). However, practitioners that are able to conduct such valuation and believe that 

this method properly reflects the price of an asset, may use such model to select individual assets 

that should be included in a portfolio (Vishwanath & Krishnamurti, 2009). 

Relative valuation  

Different from intrinsic valuation, where the objective is to locate stocks that are undervalued, 

relative valuation focusses on determining whether an asset is too expensive or cheap relative to 

comparable assets. Hence, these different models can provide different results if an asset is 

overvalued in regard to intrinsic value, but cheap when comparing it to similar assets in the market 

(Damodaran, 2011). The relative valuation method is based on various multiples such as 

price/earnings (P/E) ratio, price/book value (PBV) ratio, and price/sales (P/S) ratio. In order to 

determine whether these ratios are high or low for a given firm, it is important to compare against 

some sort of representative benchmark. Therefore, this type of analysis will require a thorough 

determination of the group of comparable firms. The relevant multiples should then be computed 

individually for each company within this group together with a group/sector average (Ibid, 2011). 

Hence, a P/E ratio of 18 for a given firm cannot tell us anything useful without having something to 

compare it to. In general, if the multiple (P/E, PBV, P/S) is higher than its average, and the difference 

cannot be rationalized by the fundamentals, then the firm can be considered overvalued 

(Damodaran, 2005). The relative valuation approach is more widely used by analysts than the DCF 

valuation, which may be explained by the ease in conducting such analysis when attempting to 

select undervalued stocks in a large investment universe (Ibid, 2005). However, this approach can 

be subject to substantial misvaluation in a specific sector or an entire market, which can result in 

incorrect valuation of assets. Thus, relative valuation may be easier to perform, but may not expose 

information about a market that is priced too high, while intrinsic valuation may take this into 

account (Ibid, 2005).  
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Technical analysis 

As asset selection involve different approaches, some of these approaches are very distinctive and 

depend highly on investor belief and philosophy. Practitioners who use intrinsic value or multiples, 

will not conduct the method of technical analysis. Technical analysis suggests that stock prices 

behave in a certain way depending on both irrational and rational factors. Analysts using this 

method should be able to detect trends by using some technical indicators. Such indicators include 

the tendency of overreaction to unforeseen dramatic events, shifts in demand and supply, and 

momentum (Damodaran, 2005). The idea of analyzing whether a specific stock is over- or 

undervalued is not present when conducting technical analysis. Asset selection with the purpose of 

creating a portfolio of valuable stocks, may therefore not comply with the practice of technical 

analysis. However, modern financial IT-tools have made it possible for investors to track and select 

stocks by following the indicators. Portfolio selection based on this method can therefore be 

performed, but it has to be conducted with caution because of the many possible parameters 

affecting the stock price movements (Turcas et al., 2016).  
 

Private information  

Information available only to a single or a few investors about a specific stock, can be characterized 

as private information. Even though it is generally prohibited to make use of such information, it 

remains the most certain way to make abnormal returns (Damodaran, 2005). Although it is illegal to 

trade on inside information, some investors seek to do so. However, the use of this method to pick 

over- or undervalued is not recommended to investors due to the fatal consequences it can entail 

(Ibid, 2005). Information is essential in every aspect of the financial world, but of course the use of 

information has to comply with the rules and laws the authorities ratify. 

Revisiting the EMH, a strong form of market efficiency would imply all information, both public and 

private, should be available to all investors and thereby be reflected in the stock price. A semi-

efficient market, on the other hand, only implies that all public information is reflected in the stock 

price. This theory is highly controversial, but financial theory continuously reflects upon this 

hypothesis (Pagdin & Hardy, 2018). As the popularity of ESG continues to rise, the potential value 

assigned to ESG factors and its influence on the valuation of a given asset, can be of interest to 

some investors. 
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ESG-motivated asset selection 

The art of picking the right stocks to include in a portfolio, has traditionally been based on investors’ 

desire of high returns and low standard deviations. However, the criteria of stocks having a good 

ESG performance is becoming more frequently adopted by investors in the asset selection process 

(Bennani et al., 2018). Thus, investors mostly add this criterion in a higher or lower degree to be 

combined with the preferred risk-return relationship. This can imply difficulties in selecting the 

stocks for the ideal portfolio, because investors should ask themselves “am I willing to compromise 

higher returns to comply with my ESG preferences?” or “to what degree am I willing to take on 

more risk in order to comply with my ESG preferences?”. Of course, some investors may have very 

clear preferences, while others experience difficulties in their portfolio selection (Cornell & 

Damodaran, 2020). As many prominent financial data providers are beginning to develop advanced 

ESG-scores based on thorough analysis of specific firms, investors have the opportunity to select 

stocks based on these scores. ESG-motivated asset selection can therefore be simplified by 

investors selecting stocks by exclusively considering this criterion (Bennani et al., 2018). It is 

therefore interesting to see if portfolios constructed by solely selecting assets with this criterion, are 

able to perform well. As stated in the previous section, the selected ESG strategies only consider 

this ESG-score when picking the specific stocks to include in the portfolio. Later in this thesis we 

will illuminate how portfolios selected on this criterion can be optimized via the MV approach.  
 

Correlation between assets 

Selecting single stocks to include in a portfolio may often be done by taking an isolated view on 

the specific asset. Nevertheless, the correlation between the selected assets is of high importance 

if the investor seeks to optimally diversify the portfolio. The correlation between the assets have a 

huge impact on the diversification effect in the portfolio (Munk, 2018). Thus, the ideal portfolio 

based on ESG-motivated asset selection, should also include relatively low correlations between 

the assets in the portfolio. The effect of correlations on the ability to diversify a portfolio will further 

be explained in chapter 5 focusing on the optimization of portfolios. 

 

Knowledge, preferences, time available, and beliefs vary among investors. Some investors may 

therefore prefer not to consistently re-allocate their funds such that the portfolio matches their 
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investment strategy (Bodie et al., 2017). Passive investing provides the opportunity for investors to 

place their funds in an index fund or an ETF that do not need to be re-balanced (Damodaran, 2005).  
 

4.2 Essentials of passive investing 

Both practitioners and academics have different views on the performance of active and passive 

investing. Considering the theoretical contributions of Eugene Fama (1970), the proposition is that 

markets are efficient and incorporate all available information, which implies that he is a proponent 

of passive investing. Additionally, William Sharpe (1964) argues that passive investing on average 

perform better than active investing (Pedersen, 2015). Robert Shiller (1980), however, challenges 

this view with his theoretical contributions that conclude markets are inefficient, which means that 

actively managed portfolios are able to generate abnormal returns (Shiller, 1980). 

 

Active and passive investing strategies are both highly present in the world of finance. Investing in 

funds that replicate an index is called an index fund, while passive funds that are constructed by 

assets such as stocks, bonds or commodities are called Exchange Traded Funds (ETF) (Thune K., 

2020). Advantages of investing in passive funds include no cost of collecting information, no analyst 

fees, and few transaction costs related to trading. The low trading frequency in passive funds further 

result in minimal tax liabilities for investors (Damodaran, 2005). If investors do believe that they are 

able to beat the market, passive investing strategies is not the way to go. The limitation of index 

funds is that they cannot perform better than the market because they track the market itself (Ibid, 

2005). 

As with active investment strategies, the ESG aspect has also drawn attention to the passive 

investment proponents. With a growing number of ETFs with an ESG focus, the opportunities of 

passive investors to focus on ESG has increased (Wurtz, 2019). Hence, whether active or passive 

investment strategies are adopted by investors, the ESG perspective can be incorporated. As the 

focus of this thesis relies on the active ESG-motivated investment strategies, passive ESG investing 

will not be investigated.  

 

As the above-mentioned active asset selection methods basically rely on the desire of detecting 

stocks that are traded below their actual value, the question of to what extent ESG information 
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contain value is interesting. The discussion of whether investors are able to do well while doing 

good remains relevant, which is why this thesis rely on the ESG-motivated asset selection in order 

to construct the portfolios that will be optimized by the traditional mean-variance approach. Since 

the portfolios are selected solely by considering the ESG-score, we are able to contribute to this 

central theoretical discussion. 
 

5. Portfolio theory 

As the security selection process has been assessed, we will now introduce the portfolio approaches 

investors make use of when constructing their portfolios. Initially, the background of Modern 

Portfolio Theory and the assumptions behind it will be presented. Next, we will assess the 

fundamental portfolio mathematics. This should provide the reader with knowledge on how the 

equally weighted (EW) portfolio is created, and how the mean-variance (MV) portfolio is constructed 

and optimized.  
 

For his pioneering theoretical contributions to portfolio theory in 1952, Harry Markowitz received, 

together with William Sharpe, the Nobel Prize in 1990. This was the foundation of what is 

conventionally known as ‘Modern Portfolio Theory’ (Mangram, 2013). Modern Portfolio Theory 

(MPT) hypothesizes that a rational investor is risk-averse and therefore recognizes that higher returns 

are bound to taking on more risk. Thus, he proposed a way to construct portfolios that maximizes 

the expected return (mean) for a particular level of risk (variance) (Munk, 2018). Diversification is the 

key term, which refers to “not putting all eggs in one basket” or, with investment perspective, 

investing in different assets in order to reduce the overall risk of a portfolio (Pagdin & Hardy, 2018).  

 

As in the vast majority of economic theories, Markowitz developed the MPT based on both implicit 

and explicit assumptions. The key assumptions21 are presented by Mangram (2013): 

• Markets are perfectly efficient 

• Investors are rational (constantly seek to optimize returns and minimize risk) 

• Investors receive all relevant information that is related to their investment decision 

 
21 These assumptions are explicitly stated in Mangram (2013). The assumptions are fixed, which is why they are not totally 
reformulated from the formulation of Mangram (2013). 
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• Investors will only accept higher risk if they are compensated by higher returns 

• Transaction costs and taxes are excluded 

• Investors have the possibility to choose securities whose individual performance is independent 

of other portfolio investments 

• Investors are able to lend and borrow an unlimited amount of capital at the risk-free rate 

Continuing this chapter, these assumptions will be taken into account. As Markowitz’ theory will be 

introduced in its purest form, investors are said to have mean-variance preferences (Munk, 2018). 

Thus, the ESG perspective will be ignored when considering the mathematics behind the MV 

optimization model. As notations within portfolio theory generally are seen to differ a bit, we have 

chosen to consistently use the notations of Claus Munk’s (2018) teaching notes. 
 

5.1 Diversification effect 

To initially give a notion of the diversification effect, we consider a portfolio of two risky assets 

(ignoring the opportunity to invest in the risk-free rate). The rate of return on this portfolio is defined 

as: 

 𝑟(𝑤) = 𝑤𝑟! + (1 − 𝑤)𝑟", (1) 

where 𝑟# expresses the rate of return on asset 𝑖 and 𝑤 is the weight invested in asset 1, meaning 

that 1 − 𝑤 is the weight invested in asset 2. Hence, the total portfolio rate of return is a value-

weighted average of the return on the two assets included in the portfolio (Munk, 2018).  

Since we are interested in future possible returns, we will focus on the mean and the variance of the 

return on the portfolio. The expected return of asset 1 is then denoted 𝜇! = 𝐸[𝑟!] and the variance 

is denoted 𝜎!" = 𝑉𝑎𝑟[𝑟!]. For asset 2, these parameters are then denoted 𝜇" and 𝜎"". The correlation 

between these assets is expressed as 𝜌, whereas the covariance is 𝐶𝑜𝑣[𝑟!, 𝑟"] = 𝜌𝜎!𝜎". Considering 

the expected return (or mean) on the two assets, the expected return of a portfolio of these assets 

is: 

 𝜇(𝑤) = 𝑤𝜇! + (1 − 𝑤)𝜇". (2) 

Hence, the weighted average of the expected return on the two assets provides the expected return 

on the portfolio (Munk, 2018). Computing the variance of the return on the portfolio, we get that: 

 𝜎$" = 𝑤"𝜎!" + (1 − 𝑤)"𝜎"" + 2𝑤(1 − 𝑤)𝜌𝜎!𝜎". (3) 

The standard deviation is then computed by taking the square root of the variance: 
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 𝜎$ = 9𝑤"𝜎!" + (1 − 𝑤)"𝜎"" + 2𝑤(1 − 𝑤)𝜌𝜎!𝜎". (4) 

Since the correlation coefficient is restricted to span between -1 and 1, we have that 𝜌!"(−1 ≤ 𝜌!" ≤

+1). If 0 ≤ 𝑤 ≤ 1, then we get: 

𝜎$" ≤ 𝑤"𝜎!" + (1 − 𝑤)"𝜎"" + 2𝑤(1 − 𝑤)𝜌𝜎!𝜎" = (𝑤𝜎! + (1 − 𝑤)𝜎")",	

and 

𝜎$ ≤ |𝑤𝜎! + (1 − 𝑤)𝜎"|. 

The right-hand side signifies the absolute value22 of 𝑤𝜎! + (1 − 𝑤)𝜎", which is irrelevant when only 

considering long positions in a portfolio, implying that 𝑤 > 0	𝑎𝑛𝑑	1 − 𝑤 > 0. We are then able to 

illustrate that the standard deviation of the total portfolio, is less than the standard deviation on the 

individual assets. It is important to notice that the reduction in risk is highly influenced by the 

correlation coefficient 𝜌. As the correlation between the two assets diminishes, the reduction in risk 

will increase (Munk, 2018). 

 
Figure 5.1: Illustration of the diversification effect. Source: Own derivation23 

 

 
22 Generalizing: √𝑥! = |𝑥|. Exemplifying absolute values: %(−2)! = √4 = 2 = |−2|. If 𝑥 is greater than 0, then absolute values 
are irrelevant, and √𝑥! = 𝑥 
23 Exemplified diversification effect. Parameters used: 𝜇" = 10%;	𝜇! = 20%;	𝜎" = 0.12;	𝜎! = 0.17 and correlations 1; 0.5; 0; -
0.5; -1 
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As illustrated in figure 5.1, the diversification effect shows that the lowest possible risk of a portfolio 

consisting of two risky assets is found with a correlation of -1. Essentially, this means that there exists 

a portfolio with no risk, due to the theoretical fact that a positive movement in asset 1 will cause an 

equivalent negative movement in asset 2 and vice versa (Prigent, 2007). Diversification is further 

improved by adding securities that are not strongly correlated with each other to the portfolio. The 

intent of this is to reduce the total volatility of the portfolio (Pagdin & Hardy, 2018).  

 

5.2 Portfolio mathematics – multiple assets 

Investors are generally interested in creating portfolios of more than just two assets, which makes 

it relevant to address the mathematics behind such portfolio construction. Hence, for a portfolio of 

N assets, 𝑟# denotes the rate of return on asset 𝑖 for each 𝑖 = 1, 2, …		 , 𝑁. The weight of asset 𝑖 in the 

portfolio is then denoted 𝑤#. The sum of portfolio weights must equal one, and thus 𝑤! +𝑤" +⋯+

𝑤% = 1. As we focus on future expectations of return and variance, the expected portfolio rate of 

return is 𝐸[𝑟$], while the variance is denoted 𝑉𝑎𝑟[𝑟$]. For a portfolio, these parameters are therefore 

derived as follows (Munk, 2018): 

 𝐸D𝑟$E = 𝐸 FG𝑤#𝑟#

%

#&!

H =G𝑤#𝐸[𝑟#]
%

#&!

, (5) 

and  

 𝑉𝑎𝑟D𝑟$E = 𝑉𝑎𝑟 FG𝑤#𝑟#

%

#&!

H =G𝑤#"𝑉𝑎𝑟[𝑟#]
%

#&!

+ 2G G 𝑤#𝑤'

%

'&#(!

𝐶𝑜𝑣D𝑟# , 𝑟'E
%

#&!

. (6) 

Taking the square root then gives us the standard deviation: 

 𝜎$ = IG𝑤#"𝑉𝑎𝑟[𝑟#]
%

#&!

+ 2G G 𝑤#𝑤'

%

'&#(!

𝐶𝑜𝑣D𝑟# , 𝑟'E
%

#&!

 (7) 

These computations are noticeably more complicated for multi-asset portfolios than for portfolios 

with only two assets. The more assets that are included in a portfolio, the more comprehensive 

these derivations get. Therefore, matrices and vectors are used to make such portfolio construction 

more manageable (Munk, 2018). 
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Vectors in portfolio computations 

When applying vectors in the construction of portfolios, one of the relevant components to consider 

is the portfolio weights. Exemplifying the ownership of three stocks where the weights are 20% in 

𝑆!, 20% in 𝑆" and 60% in 𝑆), we get the vector: 

𝝅 = L
0.2
0.2
0.6
N. 

The first number p! = 0.2 is the portfolio weight of 𝑆!, where p" = 0.2	is the portfolio weight of 𝑆", 

and p) = 0.6 is the portfolio weight in 𝑆). 

The expected return on individual assets can also be represented by a vector denoted 𝝁 (Munk, 

2018). If the expected returns of the three stocks are 𝜇! = 13%, 𝜇" = 15%, 𝜇) = 10%, we have that: 

𝝁 = L
0.13
0.15
0.10

N, 

which is the vector of expected returns on the three given assets. Summarizing these vector 

components into the expected rate of return on the portfolio, we get following: 

 𝐸[𝑟(𝝅)] = p!𝜇! + p"𝜇" +⋯+ p%𝜇% =

⎝

⎜
⎛p!p"
⋮
p%⎠

⎟
⎞
∗

⎝

⎜
⎛𝜇!𝜇"
⋮
𝜇%⎠

⎟
⎞
= p ∗ 𝝁, (8) 

where the expected rate of return on asset 𝑖 is expressed as 𝜇# and 𝝁 is the vector containing all 

expected rates of return on the assets. By applying this vector approach to the weights and returns 

used above, we can compute the portfolio’s expected rate of return as: 

𝐸[𝑟(𝝅)] = 𝝅 ∗ 𝝁 = L
0.2
0.2
0.6
N ∗ L

0.13
0.15
0.10

N = 0.2 ∗ 0.13 + 0.2 ∗ 0.15 + 0.6 ∗ 0.10 = 0.116 

Hence, the expected rate of return on the portfolio is 11.6% 
 

Matrices in portfolio computations 

As with vectors, the underlying general mathematics of matrices are beyond the scope of this thesis 

and will therefore not be presented. However, the application of matrix mathematics in portfolio 

construction will be introduced, since we use it as a tool for creating and optimizing the portfolios 

selected from ESG-motivated strategies. 
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If an investor chooses to invest in a portfolio of N assets, the rates of return of these assets can be 

shown as a vector 𝒓 = (𝑟!, 𝑟", ⋯ , 𝑟%)*24. The variance-covariance matrix ∑ = 𝑉𝑎𝑟[𝒓] is shown as 

following 𝑁 ∗ 𝑁 matrix: 

 ∑ =

⎝

⎜
⎛

𝑉𝑎𝑟[𝑟!] 𝐶𝑜𝑣[𝑟!, 𝑟"] 𝐶𝑜𝑣[𝑟!, 𝑟)] ⋯ 𝐶𝑜𝑣[𝑟!, 𝑟%]
𝐶𝑜𝑣[𝑟", 𝑟!] 𝑉𝑎𝑟[𝑟"] 𝐶𝑜𝑣[𝑟", 𝑟)] ⋯ 𝐶𝑜𝑣[𝑟", 𝑟%]
𝐶𝑜𝑣[𝑟), 𝑟!] 𝐶𝑜𝑣[𝑟), 𝑟"] 𝑉𝑎𝑟[𝑟)] ⋯ 𝐶𝑜𝑣[𝑟), 𝑟%]

⋮ ⋮ ⋮ ⋱ ⋮
𝐶𝑜𝑣[𝑟% , 𝑟!] 𝐶𝑜𝑣[𝑟% , 𝑟"] 𝐶𝑜𝑣[𝑟% , 𝑟)] ⋯ 𝑉𝑎𝑟[𝑟%] ⎠

⎟
⎞
. (9) 

This implies that 𝑉𝑎𝑟[𝑟#] = 𝐶𝑜𝑣[𝑟# , 𝑟#], where any element of the matrix can be written as 

∑ = 𝐶𝑜𝑣[𝑟# , 𝑟']#,' . Furthermore, as 𝐶𝑜𝑣D𝑟# , 𝑟'E = 𝐶𝑜𝑣D𝑟' , 𝑟#E, the matrix is symmetric, which means that 

∑* = ∑ (Munk, 2018). Considering the variance of the portfolio 𝝅 consisting of 𝑁 assets, we have 

that:  

 𝑉𝑎𝑟[𝑟(𝝅)] = 𝝅*∑	𝝅 = 𝝅 ∗ (∑𝝅). (10) 

The last term on the right-hand side can then be expressed as: 

∑𝝅 =

⎝

⎜
⎛

𝑉𝑎𝑟[𝑟!] 𝐶𝑜𝑣[𝑟!, 𝑟"] 𝐶𝑜𝑣[𝑟!, 𝑟)] ⋯ 𝐶𝑜𝑣[𝑟!, 𝑟%]
𝐶𝑜𝑣[𝑟", 𝑟!] 𝑉𝑎𝑟[𝑟"] 𝐶𝑜𝑣[𝑟", 𝑟)] ⋯ 𝐶𝑜𝑣[𝑟", 𝑟%]
𝐶𝑜𝑣[𝑟), 𝑟!] 𝐶𝑜𝑣[𝑟), 𝑟"] 𝑉𝑎𝑟[𝑟)] ⋯ 𝐶𝑜𝑣[𝑟), 𝑟%]

⋮ ⋮ ⋮ ⋱ ⋮
𝐶𝑜𝑣[𝑟% , 𝑟!] 𝐶𝑜𝑣[𝑟% , 𝑟"] 𝐶𝑜𝑣[𝑟% , 𝑟)] ⋯ 𝑉𝑎𝑟[𝑟%] ⎠

⎟
⎞

⎝

⎜
⎛

p!
p"
p)
⋮
p,⎠

⎟
⎞
. 

Taking into account that 𝑉𝑎𝑟[𝑟!] = 𝐶𝑜𝑣[𝑟!, 𝑟!], we are able to rewrite this vector and thereby get 

following: 

 ∑𝝅 =

⎝

⎜
⎛

𝐶𝑜𝑣[𝑟!, 𝑟(π)]
𝐶𝑜𝑣[𝑟", 𝑟(π)]
𝐶𝑜𝑣[𝑟), 𝑟(π)]

⋮
𝐶𝑜𝑣[𝑟,, 𝑟(π)]⎠

⎟
⎞
. (11) 

To obtain the variance of the portfolio, we then multiply this vector by 𝝅: 

𝝅 ∗ ∑𝝅 =

⎝

⎜
⎛

p!
p"
p)
⋮
p,⎠

⎟
⎞
∗

⎝

⎜
⎛

𝐶𝑜𝑣[𝑟!, 𝑟(π)]
𝐶𝑜𝑣[𝑟", 𝑟(π)]
𝐶𝑜𝑣[𝑟), 𝑟(π)]

⋮
𝐶𝑜𝑣[𝑟,, 𝑟(π)]⎠

⎟
⎞
= 𝑉𝑎𝑟[𝑟(𝝅)] 

 

24 This vector is transposed, which is expressed by the sign ⊤. Thus, it would be written as 𝒓 = 6

𝑟"
𝑟!
⋮
𝑟#

9 in an N-dimensional 

column vector. 
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In order to ease the use of matrices and vectors, we apply the Excel functions MMULT and 

TRANSPOSE. Exemplifying the use of these functions in Excel, we take five assets and construct a 

variance-covariance matrix in A1:E5 and the weight vector in F1:F5. The portfolio variance can then 

be obtained in a single cell by writing:  

= MMULTcTRANSPOSE(F1: F5);MMULT(A1: E5; F1: F5)n 

Throughout this thesis, the Excel functions will be frequently used to compute the relevant 

parameters in the portfolios. 

Obviously, these computations are implemented in our financial model25 created in Excel, which 

stresses the importance of introducing and specifying these specific computations. Now we will 

present the basics of the equally weighted portfolio.  
 

5.3 Equally weighted portfolio 

The EW portfolio is often taken into consideration when investors intend to invest in several assets 

by assigning them equal weights. This is widely known as the naïve portfolio approach, as it does 

not imply any specific optimization given investor preferences (DeMiguel et al., 2007). Therefore, 

by using equation (8) to determine the expected return of the portfolio, we assign identical 

weights26 to all assets included in the portfolio and multiply the vector with the vector of expected 

returns of the respective assets. In addition, equation (10) is used to determine the variance of the 

EW portfolio.  

 

This portfolio approach is implemented in our Excel model as an applicable non-optimized portfolio 

model available to investors. The securities selected in the EW portfolio follow the respective 

selected ESG-motivated investment strategies, which makes the securities used for both the EW 

portfolio and the MV optimized portfolio identical. The results for the EW portfolio within the 

applied ESG strategies will be presented and analyzed in chapter 7. 
 

 
25 Financial model is thoroughly explained in chapter 6 
26 The weights sum to 1, but are set such that 𝜋" = 𝜋! = ⋯ = 𝜋# 
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5.4 Mean-variance analysis – portfolio optimization 

As previously mentioned, the behavior of an investor in Markowitz’ setting is said to be mean-

variance optimizing (Munk, 2018). By applying the portfolio mathematics illustrated above, an 

introduction of mean-variance analysis will now be provided. 

 

Using the same notations, we have that the vector of expected rates of return is expressed as 𝝁, 

and the variance-covariance matrix is ∑ = c∑#'n. As we are considering a portfolio of 𝑁 risky assets, 

the fraction of the total portfolio that is invested in asset 𝑖, is denoted 𝜋#. Hence, 𝝅 = (𝜋!, 𝜋", ⋯ , 𝜋%)* 

is the portfolio vector, and since the weights must sum to one, the vector must satisfy: 

 	𝝅 ∗ 𝟏 = 𝜋! + 𝜋" +⋯+ 𝜋% = 1. (12) 

The expected portfolio return, variance, and standard deviation are then given by: 

 𝜇(𝝅) = 𝝅 ∗ 𝝁 =G𝜋#𝜇#

%

#&!

, (13) 

 𝜎"(𝝅) = 𝝅 ∗ ∑𝝅 =GG𝜋#𝜋'

%

'&!

∑#'

%

#&!

, (14) 

 𝜎(𝝅) = 9𝝅 ∗ ∑𝝅 = qGG𝜋#𝜋'

%

'&!

∑#'

%

#&!

r

!/"

. (15) 

An essential assumption is that the variance-covariance matrix is non-singular27. Furthermore, when 

only considering risky assets, it is not possible to construct a risk-free portfolio. The inverse of ∑ is 

then expressed as ∑.! (Munk, 2018). 

 

5.5 Mean-variance efficient portfolios 

Mean-variance efficient portfolios are characterized by having the lowest possible variance among 

all portfolios that have the same expected return (Prigent, 2007). Complying with the listed 

assumptions, a mean-variance efficient portfolio with an expected return �̅� and no further 

constraints, can be found by solving the minimization problem: 

 min
𝝅
𝝅 ∗ ∑𝝅	 (16) 

 
27 Non-singularity in this sense means that the variance-covariance matrix is invertible. Thus, we are not able to replicate a 
single security by using a portfolio of other securities. 
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s. t. 𝝅 ∗ 𝝁 = �̅�, 

𝝅 ∗ 𝟏 = 1. 

In order to find a solution to this problem, four auxiliary constants are introduced: 

 𝐴 = 𝝁*∑.!𝝁 = 𝝁 ∗ ∑.!𝝁 (17) 

 𝐵 = 𝝁*∑.!𝟏 = 𝝁 ∗ ∑.!𝟏 = 𝟏*∑.!𝝁 = 𝟏 ∗ ∑.!𝝁 (18) 

 𝐶 = 𝟏*∑.!𝟏 = 𝟏 ∗ ∑.!𝟏 (19) 

 𝐷 = 𝐴𝐶 − 𝐵". (20) 

Mathematically, A, C, and D are all positive numbers, whereas B can be either negative or positive, 

but definitively different from zero (Munk, 2018). 

Applying these derivations, we can construct the mean-variance efficient portfolio with an expected 

rate of return �̅� by using the portfolio weight vector: 

 𝝅(�̅�) =
𝐶�̅� − 𝐵
𝐷

∑.!𝝁 +
𝐴 − 𝐵�̅�
𝐷

∑.!𝟏. (21) 

The variance is then given by: 

 𝜎"(�̅�) = 𝝅(�̅�) ∗ ∑𝝅(�̅�) =
𝐶�̅�" − 2𝐵�̅� + 𝐴

𝐷
,	 (22) 

and the standard deviation is: 

 𝜎(�̅�) = |𝐶�̅�
" − 2𝐵�̅� + 𝐴

𝐷
. (23) 

To create the efficient frontier of risky assets (mean-variance frontier), which is formed by the optimal 

combinations of expected return and standard deviation, equation (22) will have to be written as 

0!(23)
!/5

− (23.6/5)!

7/5!
= 1 (Munk, 2018). As this thesis intend to illustrate mean-variance efficient portfolios 

that are created on the basis of ESG strategies, it is relevant to understand the way these 

computations are made. The basic idea of presenting the mathematics behind the mean-variance 

portfolios is obviously because we apply them in our financial model. Additionally, we want to 

provide the reader with the understanding that MV portfolios can be found in different 

combinations of, for example, the minimum-variance portfolio and the tangency portfolio. We will 

present these two components now. 
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5.6 Minimum variance portfolio 

The minimum-variance portfolio is the portfolio with the lowest possible variance among all 

portfolios (Munk, 2018). Mathematically, the minimum-variance portfolio can be defined as the 

solution to following constrained minimization problem: 

 
min
𝝅
𝝅 ∗ ∑𝝅	

s. t. 𝝅 ∗ 𝟏 = 1,	 
(24) 

where the expected portfolio return remains unconstrained. The minimum variance portfolio is 

given by: 

 𝝅89: =
1
𝐶
∑.!𝟏 =

1
𝟏 ∗ ∑.!𝟏

∑.!𝟏. (25) 

The expected rate of return is: 

 𝜇89: =
𝐵
𝐶
	. (26) 

The variance is expressed as: 

 𝜎89:" = 𝜎"(�̅�89:) =
1
𝐶
	, (27) 

and the standard deviation is: 

 𝜎89: =
1
√𝐶

 (28) 

If the return on the minimum-variance portfolio is denoted 𝑟89:, and the return on any portfolio of 

assets or single risky assets is denoted 𝑟, then: 

 𝐶𝑜𝑣[𝑟, 𝑟89:] = 𝑉𝑎𝑟[𝑟89:].	 (29) 

The composition of the minimum-variance portfolio would be expected to include large weights in 

assets with low risk (standard deviation) (Munk, 2018). Moreover, the correlation between the assets 

is also influential. For instance, an asset with a high standard deviation could be largely weighted 

in the minimum-variance portfolio, if it is less correlated with low-risk assets, which improves the 

diversification effect (Ibid, 2018). Therefore, for large portfolios, the individual contribution of single 

assets’ risk to the entire portfolio is insignificant (Prigent, 2007). As investors often have access to a 

risk-free asset, we will introduce the intuition behind the tangency portfolio, and show that mean-

variance efficient portfolios of all assets are constructed by combining the risk-free asset and the 

tangency portfolio (Ibid, 2007). 
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5.7 Tangency portfolio 

Imagine a diagram with expected return on the vertical axis and standard deviation on the horizontal 

axis, the risk-free asset will correspond to the point c0, 𝑟;n. A straight line from this point to the point 

(𝜎, 𝜇) can be drawn when combining an investment in the risk-free asset with any portfolio of risky 

assets. For combinations with positive weights in the risky portfolio, the slope of this line will 

precisely correspond to the Sharpe ratio of the risky portfolio (Bodie et al., 2017). However, with 

negative weights in the risky portfolio, the straight line will start at (0, 𝑟;) and have a slope 

corresponding to the negative Sharpe ratio ~− 2.<"
0
� (Ibid, 2017). Under the assumption that 

investors have mean-variance preferences, they will always prefer portfolios that are placed towards 

the upper-left corner in the diagram (Munk, 2018). The tangency portfolio is defined as the point 

where the line from (0, 𝑟;) is tangent to the frontier of risky assets. In this case, portfolios of all assets 

that are mean-variance efficient, are constructed by combining the tangency portfolio of risky assets 

with the risk-free rate (Ibid, 2018). The risk-free rate can be either less than or higher than the mean 

on the minimum-variance portfolio, denoted as 𝜇89: =
6
5
. In the case where 𝐵 > 𝐶𝑟;, the risk-free 

rate is less than 𝜇89:, which implies that the tangency portfolio will be on the upward-sloping part 

of the mean-variance frontier. Conversely, 𝐵 < 𝐶𝑟; signifies that the risk-free rate is higher than the 

mean of the minimum-variance portfolio, which implies that the tangency portfolio is found on the 

downward-sloping part of the mean-variance frontier (Ibid, 2018). Although both cases characterize 

the mean-variance frontier of all assets, the mean-variance optimizing investors would only consider 

investing in portfolios on the upward-sloping part of the frontier (Prigent, 2007).  

 

Under the assumption that 𝐵 ≠ 𝐶𝑟;, the tangency portfolio can be shown by following portfolio 

weight vector: 

 𝝅=>: =
∑.!(𝝁 − 𝑟;𝟏)	
𝟏 ∗ ∑.!(𝝁 − 𝑟;𝟏)

=
1

𝐵 − 𝐶𝑟;
∑.!(𝝁 − 𝑟;𝟏). (30) 

The mean, variance, and standard deviation are derived as:  

 𝜇=>: =
𝝁 ∗ ∑.!(𝝁 − 𝑟;𝟏)
𝟏 ∗ ∑.!(𝝁 − 𝑟;𝟏)

=
𝐴 − 𝐵𝑟;
𝐵 − 𝐶𝑟;

 (31) 
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 𝜎=>:" =
c𝝁 − 𝑟;𝟏n ∗ ∑.!(𝝁 − 𝑟;𝟏)

�𝟏 ∗ ∑.!c𝝁 − 𝑟;𝟏n�
𝟐 =

𝐴 − 2𝐵𝑟; + 𝐶𝑟;"

c𝐵 − 𝐶𝑟;n
" , (32) 

 𝜎=>: =
�c𝝁 − 𝑟;𝟏n ∗ ∑.!c𝝁 − 𝑟;𝟏n�

!
"

�𝟏 ∗ ∑.!c𝝁 − 𝑟;𝟏n�
=
9𝐴 − 2𝐵𝑟; + 𝐶𝑟;"

�𝐵 − 𝐶𝑟;�
. (33) 

Furthermore, a property of the tangency portfolio is that: 

𝐸[𝑟#] − 𝑟;
𝐶𝑜𝑣[𝑟# , 𝑟=>:]

=
𝐸[𝑟=>:] − 𝑟;
𝑉𝑎𝑟[𝑟=>:]

,				for	all	𝑖 = 1, 2, … ,𝑁, 

where 𝑟=>: denotes the tangency portfolio’s return (Munk, 2018). 

 

Revisiting the first case, where the risk-free rate is less than the expected return on the minimum-

variance portfolio, the point at which the Sharpe ratio is maximized, corresponds to the tangency 

portfolio (Munk, 2018). Therefore, it could be expected that the tangency portfolio contains large 

weights in individual assets with high Sharpe ratios. However, the impact of correlations between 

individual assets is also important to consider. Diversifying away some of the risk implies low 

correlations between some of these assets. Thus, an asset with low Sharpe ratio can be highly 

weighted in the tangency portfolio if it has low correlations with assets that have high Sharpe ratios 

(Bodie, 2017). Combining a portfolio of the tangency portfolio of risky assets and the risk-free asset, 

we are able to obtain mean-variance optimal portfolios, which implies a separation of two funds. 

The reasoning behind two-fund separation will therefore be introduced. 
 

5.8 Two-fund separation and the efficient frontier 

The theorem of two-fund separation explains that an investor’s asset allocation choice can be 

divided into two steps. The first step involves finding the portfolio of risky assets that has the highest 

possible Sharpe ratio i.e. the tangency portfolio. Then, depending on the investor’s risk 

preferences, the weight invested in the tangency portfolio (𝑤) and the weight invested in the risk-

free asset (1 − 𝑤) is decided (Bodie et al., 2017). We will define the risk aversion for different 

investors later in this chapter in order to specify how the optimal portfolio choice is different across 

risk preferences.  
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Applying the mathematical conditions of combining a portfolio of the tangency portfolio of risky 

assets and the risk-free asset, we have that:  

 
𝜇(𝑤) = 𝑤𝜇=>: + (1 − 𝑤)𝑟;		

𝜎(𝑤) = |𝑤|𝜎=>:, 
(34) 

where 𝜇(𝑤) is the expected return of the combined portfolio, and 𝜎(𝑤) is the standard deviation. 

By assigning a range of different weights to the tangency portfolio of risky assets and a risk-free 

asset, we are able to generate the mean-variance frontier of all assets (Munk, 2018). Although we 

work under the assumption that investors have access to a risk-free asset, the efficient frontier of 

only risky assets may still be of interest. As explained above, the tangency portfolio is placed on 

the efficient frontier of risky assets, which enables us to generate the entire mean-variance frontier 

of risky assets using different combinations of the tangency portfolio and the minimum-variance 

portfolio (Ibid, 2018).  

 

Figure 5.2: The mean-variance frontier constructed by the individual assets corresponding to the squared dots. The 
orange X is the tangency portfolio, where 𝑟# = 1%. Source: Own contribution. 
 

As illustrated in figure 5.2, the straight line from (0,1%) is tangent to the mean-variance frontier of 

risky assets, which is demonstrated by the orange X that shows the tangency portfolio. Moreover, 

the black triangle illustrates the minimum-variance portfolio. If investors were not able to invest in 

a risk-free asset, the two-fund separation result would depend on a combination of the minimum-

variance portfolio and, for example, the maximum-slope portfolio. Such combination would also 

allow the efficient frontier of risky assets to be constructed (Munk, 2018). As this thesis focusses on 
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investors with the ability to choose between a number of risky assets and a risk-free asset, we will 

not present portfolio construction using the maximum-slope portfolio.  

 

If the risk-free rate and the means, standard deviations, and covariances of the risky assets are 

collectively agreed upon by all investors, then, depending on their willingness to accept risk, they 

would have the exact same positions in the portfolio of risky assets combined with the risk-free 

asset (Bodie et al., 2017). For investors that are less willing to take on risk, the weight in risk-free 

asset will then be higher than for those investors that are more willing to take on risk (Ibid, 2017). 

Additionally, constraints to short sales could affect the optimal portfolio mix. Portfolios with 

different imposed constraints will be applied in this thesis and are presented in chapter 6. 

The investor’s behavior towards risk and its influence on optimal portfolio decisions is therefore 

relevant to address, which will be done in the next part. 
 

5.9 Investor risk preferences and mean-variance analysis 

As addressed earlier, the risk preferences of a mean-variance optimizing investor is relevant to 

consider when determining the optimal portfolio choice. The traditional Markowitz approach does 

not directly include risk aversion (Prigent, 2007). However, when measuring the volatility of an 

investment using the standard deviation, all mean-variance optimizing investors are considered risk-

averse (Munk, 2018). Hence, investors can be highly risk-averse or more slightly risk-averse, 

depending on their individual preferences. Under the assumption that an investor seeks to maximize 

the expected rate of return and then subtract a constant multiplied the variance, we have that: 

 max�𝐸[𝑟] −
1
2
𝛾𝑉𝑎𝑟[𝑟]�. (34) 

The term 𝛾 is a positive constant that measures the magnitude of an investor’s risk aversion. As 

expressed by the function, a higher 𝛾 corresponds to the investor being more penalized for the 

amount of variance. Hence, 𝛾 is the risk aversion coefficient, and the higher it is, the more risk-

averse the investor is (Munk, 2018). When combining a portfolio of the tangency portfolio and a 

risk-free asset, the expected return and variance can be expressed as: 

𝜇(𝑤) = 𝑤𝜇=>: + (1 − 𝑤)𝑟; = 𝑟; ++𝑤(𝜇=>: − 𝑟;) 

𝜎"(𝑤) = 𝑤"𝜎=>:" . 
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Taking these expressions into consideration and maintaining the assumption that investors are able 

to invest in the risk-free asset, the objective function can be rewritten as: 

 𝑓(𝑤) = 𝜇(𝑤) −
1
2
𝛾𝜎(𝑤)" = 𝑟; +𝑤c𝜇=>: − 𝑟;n −

1
2
𝛾𝑤"𝜎=>:" . (35) 

In order to maximize this objective function and thereby expected return, we solve the first-order 

condition for the optimal choice of 𝑤. The objective is thereby maximized for: 

 𝑤∗ =
𝜇=>: − 𝑟;
𝛾𝜎=>:"

=
𝜆=>:
𝛾𝜎=>:"

, (36) 

where 𝜆=>: =
2$%&.<"
0$%&

, which is the expression for the tangency portfolio’s Sharpe ratio. The term 𝑤∗ 

thereby denotes the optimal fraction of wealth invested in the tangency portfolio. From the 

function, this fraction decreases when the risk aversion parameter 𝛾 increases, which should be 

expected due to the fact that investors with high risk aversion are more prone to invest in the risk-

free asset (Munk, 2018). 

 

Since well-diversified portfolios consists of more than two assets, it is relevant to incorporate the 

portfolio vector mathematics in order to find the vector of optimal portfolio weights in the different 

risky assets. Assuming that 𝐵 > 𝐶𝑟; vector is expressed as: 

 𝝅∗ =
1
𝛾
∑.!c𝝁 − 𝑟;𝟏n. (38) 

In mean-variance analysis, a key assumption is that investment decisions are based only on the 

mean and the variance of the return in a given period (Fama & French, 2004). However, economic 

theory states that the preferences of a decision-maker can be expressed by an objective function 

(Munk, 2018). Since this objective function depends on the investor preferences, there is no general 

mathematical expression for it. Thus, defining an objective function of an investor that is a mean-

variance optimizer is not universal, and it may be challenged when taking other preferences like 

ESG into consideration. Hence, ESG-motivated investors may, although being mean-variance 

optimizers, have different objective functions than unaffected mean-variance optimizing investors 

(Pedersen, 2019). However, the purpose of this thesis is not to create an objective function based 

on ESG preferences, but rather incorporate ESG preferences in the asset selection. 
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As the foundation for Markowitz’ MV model has now been introduced, and the impact of investor 

preferences in terms of maximizing expected return have been assessed, we will now present the 

natural theoretical expansion in terms of the Capital Asset Pricing Model (CAPM) developed by 

William Sharpe. As we have presented the creation of MV optimized portfolios, we now want to 

introduce the theoretical foundation for evaluating these portfolios. This is done through the use of 

the CAPM. 
 

5.10 Capital Asset Pricing Model (CAPM) 

To lay the foundation for evaluating portfolio performance, it is important to understand how the 

elements in the CAPM impact the different performance measures. Thus, the CAPM will initially be 

introduced in order to obtain a preunderstanding of the risk-adjusted measures, Sharpe ratio (SR) 

and Jensen’s alpha that will be used for analyzing the empirical performance of our ESG-motivated 

portfolios. It is relevant to notice that the CAPM is one-dimensional, meaning that it solely accounts 

for one risk factor, which is beta (Bodie et al., 2017). 

 

Developed by William Sharpe and John Lintner in 1964, the CAPM extended MPT by including the 

opportunity to evaluate portfolio performance and estimate the cost of capital of firms. It is widely 

applied in the world of finance in order to measure the relation between risk and expected return 

(Fama & French, 2004). Like the MPT, the CAPM is based on the key assumptions stated by 

Mangram (2013) in the beginning of this chapter. 

Given these assumptions, the investment universe and investor expectations are identical for all 

investors28. All investors are therefore considered to invest in a combination of the tangency 

portfolio29 and the risk-free rate agreed upon by all investors (Bodie et al., 2017). Prices on assets 

and their expected returns should be set such that, in equilibrium, the supply of assets perfectly 

matches the demand of investors. Considering this fact, the tangency portfolio must include all risky 

assets and will therefore be equal to the market portfolio (Munk, 2018). This implies that the 

expected return denoted by CAPM solely depends on how big of a market risk (beta), the investor 

 
28 Referring to the fact that all investors agree upon the risk-free rate and the efficient frontier of risky assets (Munk, 2018) 
29 Refer to section 5.7 for a description of the tangency portfolio. 
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is willing to take. This can be illustrated by the Security Market Line (SML), which represents the 

relation between expected returns and risk of securities (Ibid, 2018). 

 
Figure 5.3: Illustration of the Security Market Line (SML). M signifies the market portfolio, whereas X, Y signifies individual 
assets. Source: Munk (2018). 
 

Beta signifies the volatility of an asset in relation to the market. If such relationship deviates from 

the SML, it means that the given asset is either overpriced (below the SML) or underpriced (above 

the SML) (Bodie et al., 2017). As beta is the definitive risk factor in the CAPM, a positive value of 

beta would result in the expected return of the asset following the market return by the factor beta 

denotes. A negative beta value would, however, result in a countermovement of the expected 

return of the asset in regard to the market. A zero-beta value would result in the expected return of 

the asset being independent of the market return (Ibid, 2017). 

Illustrating the formula for expected return under CAPM, we have that: 

 𝐸[𝑟#] = 𝑟; + 𝛽#c𝐸[𝑟A] − 𝑟;n, (39) 

where 𝑟; is the risk-free rate of return, 𝛽# is the market beta of asset 𝑖, and 𝑟A is the rate of return on 

the market. As the beta signifies the relationship between the expected return of an asset and the 

systematic risk, it is denoted as: 

 𝛽# =
𝐶𝑜𝑣[𝑟# , 𝑟A]
𝑉𝑎𝑟[𝑟A]

, (40) 

where 𝐶𝑜𝑣[𝑟# , 𝑟A] is the covariance between the return on the asset 𝑖 and the return on the market, 

while 𝑉𝑎𝑟[𝑟A] denotes the variance of the market return. 
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This section has provided a presentation of the CAPM, which will be translated into a performance 

context when introducing the one-dimensional performance measures, SR and Jensen’s alpha in 

chapter 6. 
 

6. Data preparation and methodological approach 

6.1 Research design  

The following chapter is intended to provide a comprehensive overview of the methodological 

approach for the implementation and evaluation of the ESG-motivated strategies that have been 

introduced in chapter 3. Here we present the data collected as well as the application of our ESG-

motivated strategies and the implementation into the MV and EW portfolio approaches. 
 

6.1.1 Investment universe – sample selection 

This section shall provide a description and definition of this study’s investment universe prior to 

the subsequent sections where a description of our applied datasets is provided. The notion of an 

investment universe suggests that there is a certain range of securities that are investable. 

Specifically, this means that a given investor, or a given investment strategy, would be confined to 

a defined assortment of securities. 

Given the nature of the analysis of this thesis, in which the out-of-sample performance evaluation 

of a range of ESG-motivated strategies are compared to the performance of a certain market index, 

ESG data on a group of securities is required. We have chosen to focus on the constituents of the 

Standard & Poor’s 500 index (S&P 500), since fundamental information (e.g. ESG-scores) are easier 

to obtain on such major securities as opposed to more exotic ones. With the purpose of establishing 

a study as suggested by this thesis, we have narrowed down our window of analysis. Explicitly, this 

means that we have chosen to consider the constituents of the S&P500 through a 10-year period, 

spanning from January 2010 to December 2019. Altogether, this entails that we consider the 

companies on the S&P500 that have at least 10 years of available data for our investment universe. 

Refer to appendix 130, 85 companies did not meet the 10-year data requirement, as to why these 

 
30 See appendix 1 for full list of S&P500 constituents that we include. The companies marked with an asterisk (*) are the ones 
that have been excluded. 
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companies have been excluded from the investment universe. As to be carefully explained in the 

coming sections, we have gathered environmental, social, governance (ESG) data as well as pricing 

data on these specific securities.  
 

6.1.2 S&P500 constituents price data  

Monthly adjusted closing price data on the constituents of the Standard & Poor’s 500 index, and 

the index as a whole, has been gathered through Wharton Research Data Services31. The data has 

been exported on a 10-year time horizon from January 2010 to December 2019. By implying the 

data to be adjusted means that the prices have taken intermediate dividends into account. To be 

able to assess the profitability of each of the constituents’ price movements during the 10-year 

span, returns have been calculated on a monthly basis using the following discrete return equation: 

 𝑟B,B(∆B =
𝑃B(∆B − 𝑃B

𝑃B
, (41) 

where 𝑃B is the price of an asset at the beginning of a specific period, and 𝑃B(∆B is the price of the 

asset at the end of that period (Munk, 2018). 
 

6.1.3 S&P500 as benchmark  

The benchmark selected for this thesis is the return on the American Standard and Poor’s 500 index. 

As mentioned above, the specific stocks used throughout this thesis are constituents of this index, 

which is why the index as a whole serve as a good proxy for the market portfolio. Specifically, this 

is the case as it represents more than two-thirds of the American stock market measured by market 

capitalization (Frankel, 2018). Furthermore, the S&P500 is highly used in academia as benchmark 

for performance analysis within investment finance (Ibid, 2018). The monthly returns on S&P500 are 

used conduct the Sharpe ratio for the comparative analysis against our applied investment 

strategies. The benchmark further serves as input to the derivation of Jensen’s alpha, where it is the 

proxy for the market return. This will be elaborated on in section 6.2.4.  
 

6.1.4 Risk-free rate 

The risk-free rate used throughout this thesis is based on 10-year historical data of the 1-month 

Treasury Bill rate. We have therefore exported the 10-year Treasury Bill rate from Wharton Research 

 
31 https://wrds-www.wharton.upenn.edu/ 
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Data Services32. The rationale behind using this rate is two-fold. First, as the data collected on all 

S&P500 constituents, as well as the S&P500 index, is based on monthly returns, the risk-free rate 

for comparison should also be on a monthly basis. Second, we exclusively consider the S&P500 and 

thereby American securities, which makes it reasonable to apply the American measure for a risk-

free investment on a monthly basis. 
 

6.1.5 Environmental, Social, and Governance dataset 

The inevitable emergence of accessible data on ESG matters arise from the increasing demand 

from investors, firms, shareholders and governments with whom information on ESG has become 

an important aspect in maintaining competitiveness. Thus, the number of rating agencies that have 

surfaced within the last decade have been considerable (Escrig-Olmedo, 2019). Sustainalytics, 

Thomson Reuters, Eiris, MSCI, Refinitiv (Eikon) are just a few of the existing agencies that provide 

some level of information on companies’ compliance with regards to ESG measures. The biggest 

database comprising Environmental, Social and Governance measures is MSCI, formerly known as 

KLD stats (Pokorna, 2017). The database contains ESG data back to 1991. Using a binary approach 

where information is divided into strengths and weaknesses (strengths=1 and weakness=0), 

companies are rated in regard to different categories within ESG compliance. The final score each 

company obtains through this method is a plain aggregation of category scores (Ibid, 2017). Thus, 

the MSCI dataset is considered to be relatively comprehensive (due to the magnitude of historical 

years available) and simple. Nonetheless, it has been found insufficient by Mattingly & Berman 

(2006). 

 

Environmental, Social and Governance (ESG) data on the S&P 500 constituents has been gathered 

through Eikon from Refinitiv, formerly known as Thomson Reuters, which is one of the world’s 

leading providers of financial data and accounting numbers (Pokorna, 2017). These company-

specific ESG-scores are an overall assessment of the respective company’s self-reported 

information in environmental, social and governance pillars. It contains information on the 

constituents of the S&P 500 and their specific ESG-scores. This dataset from the Eikon software is 

 
32 https://wrds-www.wharton.upenn.edu/ 
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an upgraded and improved version of the ASSET4 dataset from Thomson Reuters’s Datastream 

software. The ASSET4 dataset measures the ESG performance of each company through a z-scoring 

procedure, in which a certain company’s compliance with a certain ESG indicator is expressed as 

the deviation from the average of all companies, and thus produces a final score in percentage for 

the specific company (Ibid, 2017). The final score from ASSET4 is based on equal weights on the 

pillars that constitute the score (Environment, Social and Governance).   

 

The ESG-score dataset from Eikon (Refinitiv) considers and estimates over 400 company-wide ESG 

measures from public firm disclosure which are categorized and pooled into 10 different categories 

and further into the three main pillars known as: Environmental (ENV), Social (SOC) and Governance 

(GOV) (Refinitiv, 2020). The categories related to these pillars can be seen in the second row of 

table 6.1. Different from the z-scoring approach of the ASSET4 data, the data in the Eikon dataset 

has been computed through a percentile technique. This specific computation is based on three 

factors and is applied to each category (Refinitiv, 2020)33. 

• How many companies perform worse than the company in question? 

• How many companies are performing equally as the company in question? 

• How many companies have a tangible measure in the category in question? 

The category score is a result of an equally weighted sum of the related indicators that belong to 

that specific category. Specifically, this means that the 10 different categories are weighted in their 

respective pillar according to the aggregate number of indicators within each category (Refinitiv, 

2020). See row three and four in table 6.134 for an overview of how the categories are weighted in 

their respective pillar in the Eikon dataset. This approach to weighting the categories and pillars 

according to the number of related indicators threats the equally weighted approach from the 

ASSET4 data, where each pillar has the same importance and relevance (Refinitiv, 2020).  

 

The intent of this estimation process is to yield a high level of relevance and comparability and to 

validate the overall company score (Refinitiv, 2020). To that end, the Eikon data is, as mentioned, 

 
33 https://www.refinitiv.com/content/dam/marketing/en_us/documents/methodology/esg-scores-methodology.pdf 
34 https://www.esade.edu/itemsweb/biblioteca/bbdd/inbbdd/archivos/Thomson_Reuters_ESG_Scores.pdf 
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an improved set of data that outplays the ASSET4 method in at least two ways: i) weights in the 

computation process are based on the size of each category, and ii) the percentile technique. 

 
Table 6.1: Refinitiv classification of ESG pillars. Source: esade.edu (Thomson Reuters) 

 

As pointed out earlier in this section, ESG data has been gathered on the constituents of the 

S&P500 through the Eikon database, which will be the applied data throughout this thesis. It will 

serve as foundation for the ESG-motivated investment strategies that we apply. This enables us to 

construct, analyze and evaluate different investment strategies to investigate the effect of ESG on 

the risk and return of the constructed portfolios. To be able to analyze and evaluate the investment 

strategies and the following portfolio performance, it is of great importance that the definition of 

each pillar is understood, and what parameters each company is evaluated on within the separate 

pillars. We have provided the definition of these separate pillars (Environment, Social and 

Governance) from Eikon (Refinitiv) in appendix 2.  

 

We have further collected data on the specific industries for all of our constituents from the Eikon 

database. By doing so, we have obtained a total of 11 different industries: Communication services, 

consumer discretionary, consumer staples, energy, financials, health care, industrials, information 

technology, materials, real estate, and utilities. This data is applied in the strategy Best-in-class.  
 

Pillar Category Indicators Total ESG weights Pillar weights

ENV Ressource Use 20 11.2% 32.8%

Emissions 22 12.4% 36.1%

Innovation 19 10.7% 31.1%

SOC Workforce 29 16.3% 46.0%

Human Rights 8 4.5% 12.7%

Community 14 7.9% 22.2%

Product Responsibility 12 6.7% 19.0%

GOV Management 34 19.1% 63.0%

Shareholders 12 6.7% 22.2%

CSR strategy 8 4.5% 14.8%

Total 178 100.0%

Table 6.1: Weights of categories in the ESG and pillar scores
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6.1.6 More on ESG-scores 

The investment strategies presented in this thesis are essentially based on the quality and reliability 

of the applied firm-specific ESG-scores from Eikon (Refinitiv). The integration of such scoring 

measures needs to be accompanied by a thorough discussion of the possible implications such 

measures could have on the presented results. The intent is that the following discussion should 

add to the understanding and interpretation of our results. Recall that ESG ratings and ESG-scores 

are used interchangeably throughout this thesis. 

 

To be able to comply with responsible investing, investors emphasize the models applied to 

evaluate a company or a potential investment with respect to ESG measures. According to 

Windolph (2013) ESG ratings have proven to be a relevant tool or model in practice to assess 

sustainability in the asset allocation process. Although ESG ratings has some practical applicability, 

Windolph (2013) also points out that ratings have been criticized in recent research for a variety of 

reasons. The credibility and transparency of ESG ratings have especially been criticized due to the 

supply and volume of different types of and the commercialization of ratings have damaged its 

reliability as a tool for assessing sustainability. Zuber (2017) compares the deficiencies of ESG 

ratings to the debt financing process where credit ratings, unlike ESG ratings, to a certain level 

entail identifiable and standardized component to evaluate a company’s probability of default. The 

factors and components that are included in ESG ratings span a lot wider than it does in credit 

ratings (Zuber, 2017). The essential difference between these rating systems may be found in the 

level of maturity. The credit rating system is more mature and has a clear frame, whereas the ESG-

rating system is affected by a higher commercialization and indefiniteness in terms of different ESG-

rating providers having different measurement methods (Windolph, 2013).  

 

The relevance of ESG measures remains, however, especially for investors who seek opportunities 

to more effectively assess a potential investment’s attractiveness and if the investment is in line with 

the investment policies of the investor. Companies can additionally capitalize on the signaling effect 

of increasing ESG compliance and capture the increasing concerns of the investor regarding ESG 

practices and thereby gain greater access to capital from investors (Hill 2020).  
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In the context of quantitative optimization of asset allocation based on a variety of ESG-motivated 

strategies, as shown in this study, these ratings play a vital role and should not be applied without 

any recognition of their possible implications.  
 

6.1.7 Sample time horizon 

The decision to choose a 10-year horizon as presented in this thesis, is based on the available ESG 

data on the S&P500 constituents from Eikon presented in the aforementioned section. In order to 

be able to assess the results of this thesis, it is necessary to refer to the financial and economic 

setting that surrounds the suggested analysis. The intent is that the reader should be better suited 

to evaluate the implications of the results presented in the upcoming sections and to put them into 

perspective. 

 

It would certainly not be too far off to describe the time horizon of our dataset to be in “the decade 

of the bull”35. The world economy had just suffered a depression-like decade with the financial crisis 

in 2008 as the overshadowing headline. The boom of the 2010s served as a natural reversion of the 

economic cycle in the previous decade (Divine, 2019). The period of the 2010s is easily 

characterized as a bull market, in which stock prices are incrementally rising without a decline of 

more than 20% (Ibid, 2019). This implies that volatility has remained steady and without any major 

eruption, which has resulted in the most lasting bull market period since 1926, amounting to 129 

months. The miserable base of the 2000s decade set the stage for a reversion towards the mean 

on the stock markets in the following decade (Ibid, 2019). With regard to monetary policy and its 

role in stimulating the economy, the practice of quantitative easing (QE) and the lowering of interest 

rates boosted opportunities for loan-taking and investing, implying an increase in demand for stocks 

(De Grauwe, 2016). Thus, when the return on fixed income products are low, stocks become more 

attractive to investors (Divine, 2019). This should effectively affect both spending and growth. In 

figure 6.1 the development of the S&P500 is plotted alongside the CBOE Volatility Index (VIX), 

which provides a measure for the implied risk in the market and is based on S&P500 index options 

(finance.yahoo.com). The tale of the above-mentioned two decades (2000s and 2010s) is visualized 

 
35https://money.usnews.com/investing/stock-market-news/articles/2019-11-29/decade-in-review-2010s-was-the-decade-of-

the-bull?fbclid=IwAR3iKWgCVqDteObeqz3rXO5rG_nJk5_wW5n9PWifFLGKuSb3aAjDRBg-lnw 
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in figure 6.1. It is evident from the development in the S&P500 that the stock market in the US has 

experienced incredible growth in the last decade, and that volatility has remained somewhat low 

and steady. Another noteworthy observation from the figure, is that movements in the two indices 

are negatively correlated (-0,45)36, which confirms that times with positive market performance is 

associated with lowering levels of volatility (Brau & Fawcett, 2006). 

 
Figure 6.1: The VIX index plotted against S&P500 from 2000-2019. Our sample data starts to the right from the orange 
dotted line. Own contribution. Source: Yahoo.finance.com. 
 

In the figure we illustrate at what point in the economic cycle our ESG data from Eikon begins. This 

visually illustrates the beforementioned fact that our analysis is based on a bullish time period with 

increasing growth and steady volatility.  

This has implications for the way we should evaluate the results presented in this thesis. Specifically, 

it entails that as we assess the financial performance of a variety of ESG-motivated strategies, we 

should recognize the fact that the financial performance of these strategies is measured in a time 

period in which, we do not observe a full business cycle37. Thus, the prices of the securities in our 

defined investment universe, and subsequently their returns, are affected by expansion- and peak-

like movements in the stock market. Intuitively, this is not incorrect as we compare the financial 

performance of these strategies to a certain benchmark in the same period of time. However, to be 

able to generalize the performance of the applied ESG-motivated investment strategies, it would 

have been ideal to capture both prices and ESG measures over a full business cycle. In particular, 

 
36Generalized formula for correlation: 𝜌 =

$%&[(!,("]

+!∗+"
 

37 Full business cycle refers to the fact of having both bullish and bearish market conditions (Roberts, 2020) 
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this would add greater perspective to the performance analysis, since prices and returns would 

incorporate more variation.  
 

6.1.8 Exclusion of constituents 

Survivorship bias 

When analyzing performance, it is relevant to consider the survivorship bias. In order to obtain a 

more adequate data sample, we have excluded individual constituents of the S&P500 that do not 

have sufficient data to provide a representative result for our portfolios. This translates to the 

requirement of securities having at least 10 years of pricing and ESG data. A reason for securities 

not having so, can be due to the tendency within the financial industry of dropping stocks that have 

not performed on an acceptable level (Brown et al., 1992). The consequence of this tendency is a 

possible overestimation of performance, which academics have found evident (Brown et al., 1992). 

Thus, the survivorship bias could imply skewing the performance results. 
 

6.2 Out-of-sample performance 

Our objective with this study is to assess the out-of-sample performance of a variety of ESG-

motivated investment strategies applied to the naïve (1/N) portfolio model and to the mean-

variance (MV) optimization model. To conduct an analysis on the out-of-sample performance of the 

applied strategies we employ a rolling-window approach to estimate parameters and inputs 

needed to carry out a specific strategy. Our approach is inspired by the methodology of DeMiguel 

et al. (2007). The rationale behind implementing a rolling-window approach is to mitigate look-

ahead bias. We apply an estimation window to our monthly return data on selected securities as 

well as the benchmark, S&P500, to provide an adequate comparison. We rely on an estimation 

window of length 𝑀 = 60	and 𝑀 = 90 months. The analysis is based on the out-of-sample 

performance results from an estimation window of 𝑀 = 9038. Specifically, the applied window of 

estimation considers the previous 90 months to estimate the relevant inputs, such as arithmetic 

average return39, standard deviation and correlation between the securities. The estimates are 

 
38 The results for M=60 and M=90 do not vary much as to why we report the results for M=60 in appendix 3-6. By testing on 
both estimation windows, we investigate the robustness of our results.  
39 Considered the conventional “average”. It is calculated as the sum of returns in each period divided by the number of 
periods (Bodie et al., 2017) 
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subsequently applied to establish portfolio weights through the given optimization model. This 

yields an optimal allocation of the risky securities chosen by our particular investment strategy. This 

estimation procedure is continued throughout the dataset where the earliest observation is 

dropped, and the next period’s observation is added. This goes on until the end of the dataset is 

reached. For an estimation window of 𝑀 = 90 on 120 months of return data, that yields a time-

series of 30 different parameter estimates and 30 different optimal asset allocations for our 

particular investment strategy. To be able to assess the out-of-sample performance of these 30 

optimal portfolios, we calculate the average to get a single measure to evaluate the performance 

of the given strategy across the 30 estimation windows. This estimation approach constitutes the 

foundation for our use of portfolio models and the calculation of risk-adjusted measures, since it 

provides us with the required inputs. 
 

6.2.1 Application of portfolio approaches 

The portfolio approaches applied in this thesis are the equally weighted (1/N) method and the MV 

optimization model. The former is not considered an optimization model, but rather a naïve way of 

constructing portfolios by assigning equal weights to all selected assets. By applying this method, 

risk preferences and portfolio constraints will not be considered, as investors exclusively take equal 

positive positions in the assets within the portfolio (Munk, 2018). On the contrary, the MV setting 

focusses on the optimization of portfolios given investor characteristics. Thus, their risk preferences 

and their abilities to take different positions (both positive and negative) in assets in order to obtain 

the best possible portfolio composition, is relevant to address. 

 

The application of these two portfolio approaches is fundamentally distinct. We have chosen to use 

the EW portfolio as a base case example for investors that do not optimize their portfolios. Given 

the ESG-motivated investment strategies, this portfolio approach therefore exclusively allows 

investors to include the selected securities based on the given strategy, and therefore not include 

a risk-free asset. On the contrary, the implementation of the MV optimization model includes the 

opportunity for investors to use a risk-free asset. Since this portfolio optimization approach is more 

comprehensive to conduct in terms of considering investor preferences and the possibility to take 

short positions, we find it reasonable to include a risk-free asset in this setting. The inclusion of a 
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risk-free asset further provides the opportunity to make a clear distinction between optimal 

portfolios across different risk preferences of investors. Given the fundamental difference of the two 

portfolio approaches, they should not be compared directly to each other, but rather compared 

separately to the benchmark, which is the fundamental purpose of this thesis.  

 

We will address the equally weighted portfolio approach and the mean-variance approach 

separately and compare them to the S&P500. Nevertheless, the analytical foundation for both 

approaches is based on the asset selection of each ESG-motivated strategy. Specifically, this means 

that the assets selected in both portfolio approaches are identical 

The relevant parameters included in the MV optimization approach will now be thoroughly 

explained. 
 

6.2.2 Investor types – risk preferences 

We have chosen to analyze the out-of-sample performance of the ESG-motivated strategies 

through the lens of three different investors with different aversions to risk. In order to determine 

the optimal portfolio choice in our setting, we have to know the risk preferences of the investors 

(Munk, 2018). To apply this in our model, we set an objective for our investors to maximize. Recall 

the objective function from chapter 5: 

 max�𝐸[𝑟] −
1
2
𝛾𝑉𝑎𝑟[𝑟]�,  

Here the 𝛾 signifies the risk aversion of the given investor. To identify the different risk aversions of 

our chosen investors, we have used the findings of Shefrin (2008) as inspiration to define our risk 

aversion parameters. The risk aversion parameters are stated as: 

• 𝜸 = 𝟏 denotes the less risk averse investor. She is prone to take on more risk in order to 

maximize the return. By the definition of the objective function, the penalty for taking on more 

variance is therefore not that significant for this type of investor. 

• 𝜸 = 𝟓 denotes the intermediate risk averse investor. She is more averse to risk than the investor 

with 𝛾 = 1, which means that the penalty for taking on more variance is larger. Intuitively, this 

investor would seek to allocate her wealth to more available assets in order to obtain the optimal 

risk-return trade-off when maximizing return. 



 65 

• 𝜸 = 𝟏𝟎 denotes the more risk-averse investor. This investor seeks to maximize the return but is 

not willing to take on the same levels of variance as the investors with 𝛾 = 1 and 𝛾 = 5. Thus, by 

the definition of the objective function, this investor is highly penalized for taking on variance. 

Obviously, the three risk aversion parameters could have been different. However, by including this 

dimension to the optimal portfolio choice, we illustrate and analyze the effect of different risk 

preferences on the out-of-sample risk-adjusted returns. As well as optimizing portfolios across 

different risk aversions, investors also face different opportunities when it comes to allocating wealth 

to assets. Thus, we will now introduce three possible ways investors can face portfolio limitations. 
 

6.2.3 Portfolio characteristics – constraints 

As some investors may face different constraints on their possible investment portfolios, we have 

chosen to create three portfolios with different constraint-characteristics40. These are solely 

applicable for the portfolios constructed in the mean-variance setting explained in chapter 5.  

• Unconstrained portfolio. Traditional mean-variance optimized portfolio with no constraints 

imposed. This means that all investors, independent of their risk aversion are able to obtain 

unlimited weights in specific assets in the portfolio. Specifically, they are able to short assets 

unlimited and obtain extremely high weights in other assets in order to achieve the optimal 

portfolio given their preferences. 

• Constrained portfolio. This is a fully constrained portfolio in the sense of investors not being 

able to take short positions in any assets. Some investors may face such constraints due to legal 

restrictions or their own trading policies (Munk, 2018). An optimized portfolio in this setting will 

therefore not include any negative weights in assets, but rather allocate the weights to the 

optimal assets based on risk, return, correlation and investor preferences. 

• Semi-constrained portfolio. Different from the fully constrained portfolio, this semi-constrained 

portfolio allows investors to take some short positions and assign more weight to specific assets. 

Specifically, we have imposed a limit of a maximum short position in each asset (incl. the risk-

free asset) of 10%. The basis for constructing such portfolios is the fact that i) unlimited short 

selling comes with immense trading costs, ii) real-world shorting restrictions and policies within 

the financial markets, and iii) individual investors’ limited ability to deal with large negative 

 
40 The imposed portfolio constraints are selected to illustrate three different scenarios of investor opportunities. 
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positions within their portfolios (Anufriev & Tuinstra, 2013). Hence, without fully constraining the 

portfolios, we provide results of partly constrained portfolios that could, to some extent, be 

more applicable for investors. 

As illustrated in table 6.2, these three types of portfolios with different constraint characteristics will 

be applied for all three types of investors (𝛾 = 1, 𝛾 = 5, 𝛾 = 10). By doing so, we illustrate how these 

types of investors are affected, in terms of risk-adjusted returns, by the ability (or inability) to take 

short positions. 

Since the portfolio performance is the central element of this thesis, we conduct the analysis by 

measuring the out-of-sample risk-adjusted performance of these portfolios and compare them to 

the S&P500. The approach for our risk-adjusted comparison will therefore be assessed next. 
 

6.2.4 Risk-adjusted comparison for portfolio approaches 

To be able to compare and assess the performance of the ESG-motivated investment strategies 

applied in the EW portfolio approach and the MV optimization model, we use two different risk-

adjusted return measures, the SR and Jensen’s alpha. The reason for using these risk-adjusted 

measures is to get a concrete comparison of the portfolios with the S&P500. By applying the risk-

adjusted returns, the risk relative to the return of a specific asset is accounted for, which provides a 

relative performance perspective (Pagdin & Hardy, 2018). This enables us to compare the 

attractiveness of the applied ESG-motivated investment strategies to the benchmark, but also 

across strategies. Again, inspired by the approach of DeMiguel et al. (2007) we apply measures of 

SRs, computed as the out-of-sample excess returns over the corresponding out-of-sample standard 

deviation. Additionally, Jensen’s alpha is calculated based on the CAPM41, where beta is used as 

the measure of systematic risk and thereby differs from the risk measure used in the SR computation. 

The equations for each of these risk-adjusted return measures is defined as follows. 

The Sharpe ratio is formally denoted as: 

 𝑆𝑅 =
𝐸[𝑟$] − 𝑟;
𝑆𝑡𝑑[𝑟$]

, (43) 

where 𝐸[𝑟$] is the expected return of a given portfolio, 𝑟;is the risk-free rate, and 𝑆𝑡𝑑[𝑟$] is the 

standard deviation of the given portfolio return. The excess return of a specific portfolio is calculated 

 
41 See chapter 5 for explanation of CAPM 
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as seen in the numerator of the above equation, whereas the standard deviation of the portfolio is 

stated in the denominator. Hence, this ratio quantifies the average return of a portfolio in excess of 

the risk-free asset per unit of total risk (Pagdin & Hardy, 2018). In relation to the CAPM, SR can be 

graphically illustrated as the slope on the Capital Market Line (CML). Thus, it is used as a 

performance indicator due to the investors’ ability to identify investments with the highest slope on 

the CML (highest SR) (Munk, 2018).  

 
Figure 6.2: Illustration of the Capital Market Line (CML). M signifies the market portfolio, whereas X, Y signifies individual 
assets. Source: Munk (2018). 
 

Only efficient portfolios combined by the risk-free asset and the market portfolio are located on the 

CML. Thus, if an investment portfolio is above the CML, it is considered underpriced as investors 

are able to obtain higher expected return for the same standard deviation. On the contrary, if it is 

below the CML, the portfolio will be considered overpriced, which means that an investor is able 

to obtain a higher SR by investing in the market portfolio (Munk, 2018). 

 

As with the SR, Jensen’s alpha is based on the CAPM and is a measure of how the expected return 

obtained from CAPM differs from the from the realized return (Bodie et al., 2017). 

The alpha is formally denoted as: 

 𝛼$ = 𝐸[𝑟$] − c𝑟; + 𝛽$D𝐸[𝑟A] − 𝑟;En, (44) 

where 𝐸[𝑟$] is the expected return of the portfolio in question, 𝑟; is the risk-free rate of return, 𝛽$ is 

the weighted beta of the portfolio in question, and 𝐸[𝑟A] is the expected market return (S&P500 in 
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our study). By applying this measure, we can determine the risk-adjusted performance relative to 

the expected market return.  

Referring back to SML illustrated in figure 5.3, a positive or negative alpha will be situated above 

or below the SML, respectively. Thus, an investor is able to evaluate if her portfolio has performed 

better or worse than what CAPM expects, which is represented on the SML (Munk, 2018).  
 

6.3 Financial model in Excel 

In order to structure the analysis of this thesis and to incorporate each methodological element, we 

have built an extensive financial model in Microsoft Excel. This model arranges the data we have 

collected from the WRDS (price data) and Eikon (ESG and sector data) databases. The intention 

behind building such a model is to streamline the process of creating portfolios based on a large 

number of parameters. Further, this model serves as a structured way to evaluate the out-of-sample 

performance of our ESG-motivated investment strategies.   

Assuming that all ESG and pricing data is in place in the financial model, and assuming that 

securities have already been selected in accordance with the relevant ESG-motivated strategy, one 

cycle of the portfolio creation process follows various stages: 

1. Initiating the process at time 𝑡 = 𝑀, we estimate the relevant inputs necessary to implement 

each portfolio strategy over the rolling estimation window of the 𝑀 preceding months. For 

example, this procedure involves estimating the sample mean, variance and correlation of the 

returns on the securities selected from each ESG-motivated strategy. For a rolling estimation 

window of 𝑀 = 90, this entails an estimation over the preceding 30 months, while an estimation 

window of 𝑀 = 60 involves an estimation over the preceding 60 months. This thesis, however, 

is built on the analysis, when 𝑀 = 90, as we find no substantial variation in the results for when 

𝑀 = 6042. 

2. For the mean-variance setting, the next stage in the Excel model involves calculating the 

minimum-variance portfolio and the tangency portfolio43. To set up the optimal portfolio choice, 

 
42 See explanation in section 6.2 
43 Refer to appendix 7 for an example of how we set up the calculation of the minimum-variance and tangency portfolio in our 
financial model. 



 69 

we employ the objective function as described earlier in section 6.2.2 for three types of investors 

with different aversions to risk.  

3. The final stage is to compute the optimal portfolio choice when imposing a no-short sale 

constraint and a max-10%-short sale constraint for all three investors. To streamline this process, 

the programming language of Excel (Visual Basic for Applications) has been used to solve these 

constrained portfolios. 

This cycle of portfolio creation is repeated for each month in the rolling estimation window, where 

rolling, as described in section 6.2, means adding the return for next month and dropping the 

earliest return. This goes on until the data set is reached, which for 𝑀 = 90 implies 30 different 

portfolio creation cycles and 30 out-of-sample monthly portfolio returns. This rolling procedure has 

also been conducted on the equally weighted portfolio and on the return of the S&P 500 index.  

To be able to evaluate the out-of-sample performance of the created portfolios based on the 

different ESG-motivated strategies, the financial model in Excel also include calculations of SR and 

Jensen’s alpha as described in section 6.2.4.  
 

6.4 Illustration of strategy implementation 

As described throughout this chapter, our methodological approach to the implementation and 

evaluation of ESG-motivated strategies relies on different parameters. As illustrated in the table 

below, we put together all the parameters described in this chapter. The model shows the main 

strategy level, where Best-in-Class (𝐵𝐼𝐶), Exclusionary Screening (𝐸𝑆), 𝑚𝑜𝑚𝑒𝑛𝑡𝑢𝑚, and Thematic 

Investing (𝑇𝐼) are illustrated. The first three strategies contain sub-strategies focusing on the factors 

ESG, E, S, and G, where 𝑇𝐼 contains sub-strategies focusing on emissions, resource use, and 

environmental innovation. To distinguish between strategies and sub-strategies throughout the 

analysis, we use following notations (exemplified through 𝐵𝐼𝐶)44: 

𝐵𝐼𝐶 focusing on ESG 𝐵𝐼𝐶DEF 

𝐵𝐼𝐶 focusing on Environmental 𝐵𝐼𝐶D 

𝐵𝐼𝐶 focusing on Social 𝐵𝐼𝐶E 

𝐵𝐼𝐶 focusing on Governance 𝐵𝐼𝐶F 

 
44 This notation principal is also applicable to the strategies 𝐸𝑆, 𝑚𝑜𝑚𝑒𝑛𝑡𝑢𝑚, and 𝑇𝐼 for their respective sub-strategies. See 
appendix 8 for a full list of the acronyms used for our strategies and sub-strategies. 
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This approach amounts to a total of 15 sub-strategies distributed across the four main strategies. 

Additionally, in the construction of portfolios, the mean-variance setting introduces risk aversion 

and portfolio constraints, which is also illustrated in table 6.2. The equally weighted portfolio 

approach does not consider risk aversions and portfolio constraints, and therefore solely focus on 

the strategies and sub-strategies. This is additionally illustrated as we present our results in chapter 

7. 

 
Table 6.2: This table provides an overview of the implementation of our four selected strategies, Best-in-Class, 
Exclusionary Screening, Momentum, and Thematic Investing. Each strategy has an attached sub-strategy. Risk aversions 

of 1, 5, and 10 are used in the portfolio construction for each sub-strategy. Moreover, these portfolios are constructed 

for three different constraint characteristics: Unconstrained, constrained, and semi-constrained. Source: Own contribution. 
 

7. Presentation of empirical results 

This chapter provides a presentation of the results we have obtained from the data processing of 

the defined strategies. The focus is maintained on the four selected strategies, and the further 

portfolio optimization. We will present the out-of-sample risk adjusted Sharpe ratios (SR) for each 

of the selected strategies. In addition, the SRs will be presented for the three different investors 

with different risk aversions of	𝑅𝑅𝐴	(𝛾) = 1, 𝑅𝑅𝐴	(𝛾) = 5, and 𝑅𝑅𝐴	(𝛾) = 10, respectively. Hence, 

these three types of investors are defined upon their different risk preferences. As our focus remains 

on the ESG-motivated asset selection in the four different strategies, these will be presented 

Strategy level

Strategy level

Portfolio 
constraints

Thematic Investing

Env. Innovation

1                 5                  10

Semi-
constrained 

Overview of strategy implementation

Risk aversions 
applied

1                 5                  10

1                 5                  10

Sub-strategy 
level

Risk aversions 
applied

G Resource Emissions 

1                 5                  10

Constrained 

Sub-strategy 
level

ESG E S G ESG E S G

ESG E S

Semi-
constrained 

Unconstrained Constrained 
Semi-

constrained 
Unconstrained 

Unconstrained Constrained 
Semi-

constrained 
Unconstrained Constrained 

Portfolio 
constraints

Best-in-Class Exclusionary Screening
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individually together with the selected optimization approach. Considering the MV optimization 

model, three types of portfolios are constructed. 

1. The unconstrained portfolio: Investors are able to short stocks as well as the risk-free rate 

without any limitations.  

2. The constrained portfolio: Investors are unable to take any short positions. 

3. The max 10% short portfolio: Investors have a limited shorting ability. They are able to take 

short positions up to 10% in each asset including the risk-free rate.  

The risk-adjusted measures for each of these portfolios are then reported for the different ESG-

motivated investment strategies. The out-of-sample approach is thoroughly described in the 

methodology chapter. In addition to the presentation of the MV approach, the risk-adjusted 

measures for the EW portfolios within each strategy will also be illustrated. To form a representative 

comparison, the risk-adjusted measures will also be presented for the S&P500 which, as previously 

mentioned, serves as the benchmark.  
 

7.1 Equally weighed portfolio (1/N) 

Different from the MV optimization model, the EW portfolio does not take the investor behavior 

into account. Instead, this approach allocates an equal weight to each asset selected through the 

ESG-motivated investment strategies. This is also known as the traditional naïve portfolio 

construction due to the lack of optimization in terms of diversification (DeMiguel et al., 2007). Yet, 

the idea of constructing portfolios of different assets still adds a diversification effect to some extent, 

even though it is not optimized in the weights allocated to each asset (Bodie et al. 2017). Below we 

illustrate the out-of-sample SRs the EW portfolios. 

ESG & decomposed E, S, G 

 
Table 7.1: Out-of-sample SR for BIC, ES, and Momentum strategies in EW setting. Source: Own contribution 
 

Strategy BIC ES Momentum
ESG 0.237 0.221 0.406

E 0.253 0.249 0.376
S 0.146 0.250 0.279
G 0.200 0.247 0.293

Out-of-sample Sharpe ratio
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The above table shows the out-of-sample SR for each strategy (excluding thematic investing), where 

both the total ESG-score and the constituent scores are considered. Generally, the momentum 

strategy provides substantially higher SRs for 𝑚𝑜𝑚𝑒𝑛𝑡𝑢𝑚DEF and 𝑚𝑜𝑚𝑒𝑛𝑡𝑢𝑚D, reaching 0.41 and 

0.38, respectively. For 𝑚𝑜𝑚𝑒𝑛𝑡𝑢𝑚E and 𝑚𝑜𝑚𝑒𝑛𝑡𝑢𝑚F, these are only slightly higher than the equal 

sub-strategies in 𝐵𝐼𝐶 and 𝐸𝑆. The absolute lowest SR is obtained in 𝐵𝐼𝐶E, where the SR is 0.15.  

Including the 𝑇𝐼 strategy, we have the following results: 

 
Table 7.2: Out-of-sample SR for TI strategy in EW setting. Source: Own contribution 
 

The span between the highest SR and the lowest is noteworthy. For 𝑇𝐼GA#HH#IJH the SR amounts to 

0.38, whereas 𝑇𝐼GJK.#JJIKMB#IJ only reaches 0.19. The 𝑇𝐼<GHIN<OG is in between reaching a SR of 0.29. 
 

7.2 Mean-variance optimization 

The portfolio optimization model used throughout this thesis is the mean-variance optimization 

approach. Here we will show the out-of-sample SRs for each optimized portfolio constructed on the 

basis of each ESG-motivated investment strategy.  
 

7.2.1 Best-in-class  

As previously described, this strategy focusses on the best ESG-performing assets within specific 

sectors. The SRs obtained are illustrated in table 7.3 for both the overall ESG measure and for the 

constituents of the ESG measure, namely E, S, and G.  

ESG & decomposed E, S, G 

 
Table 7.3: Out-of-sample Sharpe ratios of BIC distributed on ESG, E, S, and G. Constructed for risk aversions 1, 5, and 10 
and different portfolio constraints: Unconstrained, Constrained and Max 10% short constraint. Source: Own contribution 
 

The unconstrained portfolio, independent of risk aversion, provides an out-of-sample SR of 0.54 

(ESG), 0.52 (E), 0.52 (S), and 0.68 (G), whereas the constrained portfolio across risk aversions 

Strategy TI
Emissions 0.379
Ressource 0.285

Env. Innovation 0.188

Out-of-sample Sharpe ratio

RRA Unconstrained Constrained Max 10% short Unconstrained Constrained Max 10% short Unconstrained Constrained Max 10% short Unconstrained Constrained Max 10% short
1 0.536 0.300 0.334 0.524 0.308 0.336 0.524 0.290 0.328 0.683 0.441 0.420
5 0.536 0.373 0.457 0.524 0.388 0.468 0.524 0.349 0.459 0.683 0.476 0.560
10 0.536 0.394 0.493 0.524 0.409 0.502 0.524 0.363 0.495 0.683 0.507 0.626

Out-of-sample Sharpe ratio : BEST-IN-CLASS

ESG E S G
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fluctuates between 0.3-0.39 (ESG), 0.31-0.41 (E), 0.29-0.36 (S), and 0.44-0.51 (G). The portfolio with 

a 10% shorting restriction shows out-of-sample SRs that fluctuate between 0.33-0.49 (ESG), 0.34-

0.5 (E), 0.33-0.50 (S), and 0.42-63 (G).  
 

7.2.2 Exclusionary screening 

In table 7.4, we present the results for the 𝐸𝑆 strategy, where we excluded stocks that operates 

within business sectors that do not comply with conventional ESG criteria. These sectors are defined 

in chapter 6. 

ESG & decomposed E, S, G 

 
Table 7.4: Out-of-sample Sharpe ratios of ES distributed on ESG, E, S, and G. Constructed for risk aversions 1, 5, and 10 
and different portfolio constraints: Unconstrained, Constrained and Max 10% short constraint. Source: Own contribution 
 

The out-of-sample SRs when considering the unconstrained portfolios are 0.64 (ESG), 0.59 (E), 0.56 

(S), and 0.67 (G) for all risk aversions within the respective sub-strategies. However, the constrained 

portfolio exhibits out-of-sample SRs between 0.32-0.4 (ESG), 0.32-0.41 (E), 0.31-0.38 (S), and 0.33-

0.43 (G). Considering the max 10% short portfolio, the out-of-sample SRs fluctuate between 0.37-

0.57 (ESG), 0.35-0.53 (E), 0.34-0.5 (S), and 0.34-0.59 (G). 
 

7.2.3 Momentum 

Table 7.5 shows the results for the 𝑚𝑜𝑚𝑒𝑛𝑡𝑢𝑚 strategy, where the stocks that have experienced 

the highest positive change over a 12-month period, with respect to ESG and E, S, and G are 

included in the portfolio construction. 

ESG & decomposed E, S, G 

 
Table 7.5: Out-of-sample Sharpe ratios of Momentum distributed on ESG, E, S, and G. Constructed for risk aversions 1, 
5, and 10 and different portfolio constraints: Unconstrained, Constrained and Max 10% short constraint. Source: Own 
contribution 
 

RRA Unconstrained Constrained Max 10% short Unconstrained Constrained Max 10% short Unconstrained Constrained Max 10% short Unconstrained Constrained Max 10% short

1 0.638 0.321 0.369 0.587 0.321 0.349 0.559 0.312 0.342 0.671 0.328 0.344
5 0.638 0.393 0.526 0.587 0.393 0.501 0.559 0.363 0.465 0.671 0.398 0.537
10 0.638 0.403 0.567 0.587 0.410 0.532 0.559 0.376 0.503 0.671 0.433 0.587

Out-of-sample Sharpe ratio : EXCLUSIONARY SCREENING

ESG E S G

RRA Unconstrained Constrained Max 10% short Unconstrained Constrained Max 10% short Unconstrained Constrained Max 10% short Unconstrained Constrained Max 10% short

1 0.559 0.333 0.339 0.587 0.406 0.393 0.667 0.301 0.364 0.598 0.369 0.396
5 0.559 0.467 0.502 0.587 0.481 0.517 0.667 0.428 0.530 0.598 0.458 0.544
10 0.559 0.502 0.539 0.587 0.504 0.555 0.667 0.469 0.582 0.598 0.498 0.586

Out-of-sample Sharpe ratio : MOMENTUM

ESG E S G
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In line with the 𝐵𝐼𝐶 and 𝐸𝑆 strategies, the 𝑚𝑜𝑚𝑒𝑛𝑡𝑢𝑚 strategy also experiences a consistent out-

of-sample SR for all three types of investors when considering the unconstrained portfolios. 

However, for the constrained portfolios, the out-of-sample SRs fluctuate between 0.33-0.55 (ESG), 

0.41-0.5 (E), 0.3-0.47 (S), and 0.37-0.5 (G). For the semi-constrained portfolio, they fluctuate 

between 0.34-0.54 (ESG), 0.39-0.56 (E), 0.36-0.58 (S), and 0.4-0.59 (G).  
 

7.2.4 Thematic investing 

Different from the previous strategies, 𝑇𝐼 is focusing on structural trends in the environmental area 

of responsible investing. The specific parameters considered are companies’ levels of resource use, 

emissions, and their ability to be environmentally innovative.  

Resource use, emission, and environmental innovation 

 
Table 7.6: Out-of-sample Sharpe ratios of TI distributed on resource use, emissions, and env. innovation. Constructed for 
risk aversions 1, 5, and 10 and different portfolio constraints: Unconstrained, Constrained and Max 10% short constraint. 
Source: Own contribution 
 

Considering the unconstrained portfolios within each of these 𝑇𝐼 sub-strategies, the out-of-sample 

SRs are 0.68 (resource), 0.66 (emissions), and 0.55 (environmental innovation), independent of risk 

aversions. The constrained portfolios provide out-of-sample SRs that fluctuate between 0.30-0.52 

(resource), 0.35-0.54 (emissions), and 0.26-0.33 (environmental innovation) depending on risk 

aversion. Lastly, the semi-constrained portfolio obtains out-of-sample SRs that span between 0.38-

0.63 (resource), 0.37- 0.62 (emissions), and 0.33-49 (environmental innovation).  
 

7.3 Benchmark 

As described in section 6.1.3, the S&P500 serves as the relevant benchmark to the aforementioned 

results. The risk-adjusted measure in terms of the out-of-sample SR for the S&P500 is presented 

below. As the benchmark functions as an alternative passive investment for any investor, the three 

types of risk preferences are not accounted for in the benchmark. Hence, the SR for the benchmark 

is the same for all three types of investors.  

RRA Unconstrained Constrained Max 10% short Unconstrained Constrained Max 10% short Unconstrained Constrained Max 10% short

1 0.678 0.296 0.378 0.659 0.348 0.370 0.548 0.264 0.326
5 0.678 0.465 0.557 0.659 0.494 0.563 0.548 0.323 0.440
10 0.678 0.521 0.632 0.659 0.544 0.623 0.548 0.329 0.486

Ressource use Emissions Env. Innovation

Out-of-sample Sharpe ratio : THEMATIC INVESTING
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Table 7.7: Out-of-sample Sharpe ratio for S&P500. Source: Own contribution 
 

This data presentation has specified the out-of-sample SRs for our applied investment strategies 

and will serve as the foundation for the analysis of the out-of-sample performance of these 

strategies compared to the performance of the S&P500. 
 

8. Analysis of results 

In this chapter we intend to analyze the empirical results presented above. This will be done in 

relation to existing literature and the theoretical concepts introduced in chapters 2-5. In order to 

maintain a focus on the research question and perform a thorough examination of the empirical 

results, the analysis will be divided into four parts. Recall that our risk-adjusted measures are all 

based on an out-of-sample estimation, as to why when we mention performance, SR, and Jensen’s 

alpha, it is implicit that these are based on out-of-sample estimation. 
 

First part provides an analysis of the risk-adjusted out-of-sample performance of both the MV 

optimized portfolios, and the EW ESG-motivated portfolios compared to the S&P500. The reported 

risk-adjusted return measure in terms of SR will here be used as means for such comparison. 
 

Second part is an extension of the performance analysis in the first part, where we provide an 

assessment of the underlying mechanisms that drive the results. These include i) the defined 

objective that investors seek to maximize given their aversion to risk, ii) the restrictions imposed in 

the portfolio construction and the illustration of a new efficient frontier, iii) the structure of the 

securities selected for each investment strategy. 
 

Third part considers the distinction between active and passive investing with respect to the out-

of-sample performance results. Specifically, we assess the realizability of the applied portfolios in 

relation to market imperfections by including theoretical concepts from chapter 4. 
 

Fourth part contributes to the out-of-sample performance analysis by adding another risk-adjusted 

measure, namely the Jensen’s alpha. Here we assess and compare this risk-adjusted measure to 

the SR. This is done for the constrained and semi-constrained portfolios. 

Sharpe ratio 0.382
Benchmark - S&P500
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8.1 Portfolio performance vs. benchmark 

8.1.1 Equally weighted (1/N) portfolios  

The construction of EW portfolios implies using !
%

 as the weight determinant, which means that all 

assets, independent of their correlations and risk-return relationships, are equally included in the 

portfolio. As described in chapter 5, this approach to portfolio construction serves as a means for 

evaluating non-optimized portfolio performance against a benchmark. Thus, the performance of 

the applied ESG-motivated investment strategies is evaluated on a simple level that include every 

security equally. Comparing these SRs to the benchmark, we obtain following table showing the 

excess out-of-sample SRs for each strategy within 𝐵𝐼𝐶, 𝐸𝑆, 𝑚𝑜𝑚𝑒𝑛𝑡𝑢𝑚, and 𝑇𝐼.  

 
Table 8.1: This table provides an overview of how the equally weighted portfolios have performed compared to the 
market on a risk-adjusted basis. For example, the ES social strategy, the excess SR is calculated as 𝑆𝑅'(,( − 𝑆𝑅(&+,-- =
0.250 − 0.382 = −0.132.  
 

Examining the results in the table, we see a clear tendency of underperformance of the ESG-

motivated strategies on an equally weighted basis. However, 𝑚𝑜𝑚𝑒𝑛𝑡𝑢𝑚DEF actually shows an 

excess SR of 0.024, which is the only sub-strategy outperforming the S&P500. The sub-strategies 

𝑚𝑜𝑚𝑒𝑚𝑡𝑢𝑚D and 𝑇𝐼GA#HH#IJH are very close to match the SR of the S&P500. Across the four 

strategies, 𝑚𝑜𝑚𝑒𝑛𝑡𝑢𝑚	shows the highest risk-adjusted performance. Initially, this could indicate 

that ESG-motivated 𝑚𝑜𝑚𝑒𝑛𝑡𝑢𝑚 sub-strategies perform better than the other applied sub-

strategies. It is interesting to keep these results in mind when analyzing the same strategies in the 

MV setting.  

 

Since the ESG-motivated strategies solely consider ESG-scores in the selection of securities, 

financial performance characteristics are undermined. This means that stocks with poor financial 

Strategy BIC ES Momentum
ESG -0.145 -0.161 0.024

E -0.129 -0.133 -0.006
S -0.236 -0.132 -0.103
G -0.182 -0.135 -0.089

Strategy TI
Emissions -0.003
Ressource -0.097

Env. Innovation 0.194

Out-of-sample excess Sharpe ratio

Out-of-sample excess Sharpe ratio
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performance could be included in the portfolio and equally contribute to the overall risk and return 

of the portfolio. The EW portfolio approach does not take any optimization into account, and 

completely ignores the financial data of the securities (DeMiguel et al., 2007). This could contribute 

to the explanation of why the vast majority of our EW portfolios underperform the S&P500. This 

portfolio construction approach is simple in the way that it does not consider investor preferences, 

and it thereby provides the same result for all investors, regardless of their risk-return behavior.  

 

Given the properties of this simple portfolio construction approach with no regard for investor 

preferences, financial performance data, and optimization, we want to investigate how MV 

optimized portfolios perform against the benchmark. This may foster a better representation of the 

possibilities an investor has in regard to portfolio allocation. 
 

8.1.2 Mean-variance optimized portfolios 

In order to analyze the performance of the portfolios in the MV setting, we provide a table showing 

the excess out-of-sample SR for each portfolio compared to the benchmark.  

 
Table 8.2: This table provides the out-of-sample excess SRs (compared to S&P500) for all the ESG-motivated strategies. 
 

A note on unconstrained portfolios  

This table explicitly shows which portfolios outperform the benchmark. There is a clear overweight 

of optimized portfolios that actually perform better than the S&P500. Out of the 135 portfolios45 

created, 103 obtain excess SRs. This outperformance is especially found within every unconstrained 

 
45 Across all strategies, risk aversions, and portfolio constraints there are 135 created portfolios. 

RRA Unconstrained Constrained Max 10% short Unconstrained Constrained Max 10% short Unconstrained Constrained Max 10% short Unconstrained Constrained Max 10% short
1 0.1542 -0.0823 -0.0476 0.1422 -0.0741 -0.0458 0.1424 -0.0916 -0.5380 0.3007 0.0588 0.0377
5 0.1542 -0.0093 0.0747 0.1422 0.0060 0.0855 0.1424 -0.0325 0.0772 0.3007 0.0940 0.1785
10 0.1542 0.0124 0.1106 0.1422 0.0266 0.1202 0.1424 -0.0187 0.1131 0.3007 0.1249 0.2442

RRA Unconstrained Constrained Max 10% short Unconstrained Constrained Max 10% short Unconstrained Constrained Max 10% short Unconstrained Constrained Max 10% short

1 0.2558 -0.0608 -0.0131 0.2051 -0.0608 -0.0328 0.1770 -0.0698 -0.0400 0.2894 -0.0543 -0.0385

5 0.2558 0.0075 0.1444 0.2051 0.0110 0.1188 0.1770 0.0192 0.0832 0.2894 0.0163 0.1551
10 0.2558 0.0206 0.1851 0.2051 0.0281 0.1502 0.1770 -0.0059 0.1209 0.2894 0.0505 0.2053

RRA Unconstrained Constrained Max 10% short Unconstrained Constrained Max 10% short Unconstrained Constrained Max 10% short Unconstrained Constrained Max 10% short

1 0.1772 -0.0490 -0.0432 0.2049 0.0244 0.0105 0.2854 -0.0811 -0.0177 0.2159 -0.0130 0.0138
5 0.1772 0.0850 0.1201 0.2049 0.0990 0.1353 0.2854 0.0460 0.1480 0.2159 0.0762 0.1622
10 0.1772 0.1200 0.1572 0.2049 0.1218 0.1727 0.2854 0.0865 0.1998 0.2159 0.1155 0.2042

RRA Unconstrained Constrained Max 10% short Unconstrained Constrained Max 10% short Unconstrained Constrained Max 10% short
1 0.2958 -0.0859 -0.0040 0.2767 -0.033 -0.0125 0.1664 -0.1185 -0.0556
5 0.2958 0.0834 0.1745 0.2767 0.1115 0.1806 0.1664 -0.0594 0.0582
10 0.2958 0.1394 0.2503 0.2767 0.1617 0.2410 0.1664 -0.0531 0.1039

Out-of-sample excess Sharpe ratio : EXCLUSIONARY SCREENING
ESG E S G

Out-of-sample excess Sharpe ratio : MOMENTUM
ESG E S G

Out-of-sample excess Sharpe ratio : BEST-IN-CLASS
ESG E S G

Out-of-sample excess Sharpe ratio : THEMATIC INVESTING
Ressource use Emissions Env. Innovation
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portfolio across risk aversions. As the MV setting seeks to obtain the most efficient trade-off 

between risk and return, it is apparent that when a portfolio is unconstrained in terms of allocating 

weights to certain securities, it has the ability to assign extreme weights46 to obtain high levels of 

risk-adjusted returns (Munk, 2018). This further explains why the SRs for these unconstrained 

portfolios demonstrated in tables 7.3-7.6 are equal for all three types of investors. Specifically, this 

means that no matter which of the three risk aversions an investor has, the unconstrained portfolio 

can always add unlimited weights to the portfolio of securities (both long and short) to obtain the 

optimal risk-adjusted return (Bodie et al., 2017). These unconstrained portfolios are by definition 

the most optimized portfolios in terms of diversification and the risk-return trade-off (Ibid, 2017). 

This is a product of the theoretical foundation of the MV approach and corresponds to the 

mathematics illustrated in chapter 5. Thus, the correlations between the assets, together with their 

individual risk and return, are the determinants for how large the risk-adjusted measures can 

become (Munk, 2018). As illustrated in the mean-variance section, the unconstrained portfolios are 

only limited by the risk-return characteristics of the assets that form the portfolio. The fact that these 

unconstrained portfolios exhibit the highest risk-adjusted returns makes them stand out as being 

financially attractive investments, since they outperform the benchmark across all strategies. Since 

the weights in the unconstrained portfolios are so extreme, these portfolios may be somehow 

unrealistic for investors to follow (Ibid, 2018). Thus, the constrained and semi-constrained portfolios 

may seem more applicable for investors and will therefore be examined more thoroughly as we 

proceed. The question of the realizability of the different portfolios and the application of these will 

be further analyzed and discussed later in this analysis. For the ease of reading, we will from now 

on type “constrained” and “semi-constrained” in bold. 
 

Constrained and semi-constrained portfolios 

Expanding the view on the constructed portfolios within each strategy, we now turn to the analysis 

of the constrained and semi-constrained portfolios. The rationale behind creating such portfolios is 

based on the assumption that some investors are not able to take extreme weights, both negative 

and positive, in securities. Additionally, this entails that the investor cannot borrow in the risk-free 

asset to lever the portfolio. This lack of ability to take short positions can either arise from the 

 
46 See table 8.4 for illustration of weights in different portfolios. 
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apparent complexity behind managing extreme weights in portfolios of many assets, or from 

regulatory constraints. However, some investors are able to take some level of short position in 

assets and borrow in the risk-free rate, which we illustrate by including the analysis of the semi-

constrained portfolios. 

 

Best-in-class (𝐵𝐼𝐶)  

Referring to table 8.2 the 𝐵𝐼𝐶 strategy has a total of 12 constrained portfolios across the four 

different sub-strategies47 in which six of them outperforms the S&P500 on a risk-adjusted basis, 

while the other six do not reach level of performance as the S&P500. An isolated look at the 𝐵𝐼𝐶F 

shows that the constrained portfolios for all three types of investors outperform the benchmark in 

terms of SRs. This could indicate that the governance sub-factor has an impact on the financial 

performance of companies, which corresponds to the findings of Friede et al. (2015) and CFA 

Institute (2015). Further this is in line with the conclusions by Pedersen et al. (2019), who finds that 

governance is the best proxy in explaining financial performance. Parameters affecting the 

performance of 𝐵𝐼𝐶F could include companies’ management score, shareholders, and CSR 

strategy. This is so since the governance sub-strategy implies a stock selection based on the highest 

governance scores within each of the defined 11 sectors. Furthermore, governance exhibits the 

highest excess SRs above the benchmark for the six portfolios that beat the market as seen in table 

8.2. Additionally, the governance sub-strategy is the only sub-strategy that obtains a substantial48 

excess SR. One of the parameters that Refinitiv uses to conduct the governance score is the degree 

of board independence. This, according to McAvoy et al. (1999), has a positive impact on the 

financial performance, and could therefore be influential to the excess SRs of this sub-strategy. 

Further, it is apparent that the outperformance increases with risk aversion, meaning that the 

investor with a bigger aversion to risk is able to achieve a higher SR. This will be elaborated on later 

in this chapter. 

 

Contrary to governance, it is evident from our results that the 𝐵𝐼𝐶E underperforms the benchmark 

for all three investors. This implies that a high performance of the social sub-factor may have little 

 
47 Referring to the four sub-strategies within BIC, hence 𝐵𝐼𝐶-./ , 𝐵𝐼𝐶- , 𝐵𝐼𝐶., 𝐵𝐼𝐶/. 
48 We define SRs to be in substantial excess when they exceed 0.05 above the benchmark. 
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or no influence on the financial performance of the firms selected within this sub-strategy. This result 

can be supported by the finding of Friede et al. (2015) that finds the least positive intercorrelation 

between S and financial performance. Without stating that S has no effect on financial performance, 

Friede et al. (2015) simply finds that S has the least effect compared to E and G. On the contrary, 

Manescu (2011) finds that social aspects such as employee relations and community relations have 

a positive influence on stock returns. When measuring the difference in SR from the benchmark, as 

seen in table 8.2, we see a tendency of investors with high risk aversion being closer to the SR for 

S&P500, but still 0.02 below. Thus, although the constrained 𝐵𝐼𝐶E sub-strategy does not outperform 

the benchmark in any risk aversion, the pattern of increasing SRs, when considering higher risk 

aversions, remains.  

 

Contemplating on the financial performance of the constrained portfolios in the sub-strategies ESG 

and E, we see that the former only outperforms the benchmark for investors with 𝛾 = 10, while the 

latter outperforms in 𝛾 = 5 and 𝛾 = 10. It noticeable that the investors that outperform the S&P500 

in both ESG and E only achieve a marginal excess SR (below 0.05). Previous studies find 

discrepancies in the determination of whether the environmental factor has a negative or positive 

impact on the financial performance of firms (Dowell et al., 2000; Yadav et al., 2016). However, our 

results may seem to tilt towards a slightly positive intercorrelation. 

Interestingly, the combined ESG sub-strategy only shows a marginal excess SR of 0.01 for investors 

with 𝛾 = 10, whereas the other two types of investors have negative excess SRs. This may seem 

somewhat contradicting to the findings by Friede et al. (2015), who states that there is a 

nonnegative relationship between ESG performance and financial performance.  

Generally, of the four 𝐵𝐼𝐶 sub-strategies, governance shows the highest outperformance when 

considering the fully constrained portfolios. 

 

By adding the opportunity for investors to take some short positions, we obtain the semi-

constrained portfolios that are restricted to take a maximum short position of 10% in each of the 

selected securities. Different from the 12 fully constrained portfolios, we find evidence that 9 out of 

12 semi-constrained portfolios outperform the S&P500 on a risk-adjusted basis. In line with the 

results from the constrained portfolios, and the findings of Friede et al. (2015) and Pedersen et al. 
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(2019), the governance sub-strategy achieves the highest performance, where investors with 𝛾 = 5 

and 𝛾 = 10	outperform the market by 0.18 and 0.25, respectively. Comparing these to the 

corresponding results for the constrained portfolios, the magnitude of excess SRs in the semi-

constrained setting is significantly larger. However, for less risk averse investors, the excess SR in 

governance is actually lower than for the fully constrained portfolio. This may seem unexpected due 

to the fact that the ability to short most often implies achieving higher returns. Since this is a risk-

adjusted measure, an explanation for this result could be found in the investor taking on more risk 

relative to the expected return. This investor, with low aversion to risk, might achieve higher returns 

at the expense of taking on more risk, relatively. 

Looking at the semi-constrained portfolios for the ESG, E and S sub-strategies, they perform 

reasonably similar. Compared to the constrained portfolios, they obtain SRs that are significantly 

higher than the benchmark.  

 

Exclusionary screening (𝐸𝑆) 

Out of the 12 constrained portfolios across the four sub-strategies within 𝐸𝑆, the ESG, E, and G 

outperforms the benchmark for investors with risk aversion 𝛾 = 5 and 𝛾 = 10. However, the only 

sub-strategy that outperforms the benchmark significantly (above 0.05 excess SR) is governance for 

investors with risk aversion 𝛾 = 10. Thus, even though the outperformance of the 𝐸𝑆F may not be 

consistent for all investors, it still obtains higher SRs than the other sub-strategies within this 

strategy. The 𝐸𝑆E obtains lower SRs than the benchmark for all three types of investors, which again 

is somewhat in accordance with the findings of Friede et al. (2015). Moreover, the sub-strategies 

𝐸𝑆DEF and 𝐸𝑆D provide relatively similar results, where investors with risk aversion 𝛾 = 5 and 𝛾 = 10 

outperform the S&P500 marginally in terms of SR. Contemplating on these results, the pattern 

detected in the 𝐵𝐼𝐶 strategy is, to some extent, also present for 𝐸𝑆.  

 

Including the semi-constrained portfolios, we see 8 out of 12 portfolios outperforming the S&P500. 

The 8 semi-constrained portfolios that have an excess SR are distributed between investors with 

risk aversion 𝛾 = 5 and 𝛾 = 10. The apparent tendency for the less risk averse investors to 

demonstrate negative excess SRs, is an indicator of their willingness to take on higher risks in order 

to get a higher return. Again, as in the 𝐵𝐼𝐶 strategy, governance is showing superior SRs compared 
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to the other three sub-strategies. Although, our results indicate that investors with 𝛾 = 1 are not 

able to beat the benchmark, more risk averse investors can, obtain high excess SRs.  

 

Momentum 

Considering the 𝑚𝑜𝑚𝑒𝑛𝑡𝑢𝑚 strategy, it is observable that the vast majority of the constrained 

portfolios outperform the S&P500 on a risk-adjusted basis. Out of the four sub-strategies, it is 

only	𝑚𝑜𝑚𝑒𝑛𝑡𝑢𝑚D that outperforms the benchmark for all three investors. The rest consequently 

obtain excess SRs for investors with 𝛾 = 5 and 𝛾 = 10. Interestingly, 𝑚𝑜𝑚𝑒𝑛𝑡𝑢𝑚E outperforms the 

benchmark for investors with relatively high risk aversions, which is opposing the strategies 𝐵𝐼𝐶E 

and 𝐸𝑆E, where all investors underperform. Moreover, the general outperformance of these 

𝑚𝑜𝑚𝑒𝑛𝑡𝑢𝑚 sub-strategies is observed to be higher than for the strategies within 𝐵𝐼𝐶 and	𝐸𝑆. For 

instance, investors with 𝛾 = 10 across the 𝑚𝑜𝑚𝑒𝑛𝑡𝑢𝑚 sub-strategies, except social, obtain excess 

SRs around 0.12, which is overall superior to the corresponding sub-strategies within 𝐵𝐼𝐶 and 𝐸𝑆. 

Given the analysis of 𝑚𝑜𝑚𝑒𝑛𝑡𝑢𝑚, stocks that have experienced a substantial improvement in their 

respective scores over the past 12 months, can be considered to positively contribute to the 

financial performance. This somewhat concords with the findings of Nagy et al. (2015), who 

investigates the ESG momentum strategy and finds that it outperforms the market. Moreover, they 

find that the momentum strategy is superior in terms of risk-adjusted performance when compared 

to a strategy based on exclusion of bad ESG-performing stocks (Ibid, 2015). Again, this concord, to 

some extent, with our results.  

 

Semi-constrained portfolios within this strategy perform very well with only two portfolios that 

exhibit negative excess SRs. In line with the previous investigated strategies, governance show 

evidence of obtaining higher SRs than the other sub-strategies.  

For our results the difference between being restricted from shorting and having the ability to short 

to some extent, is not remarkable with respect to the question of the respective portfolio beating 

the market. Thus, generally speaking, the 𝑚𝑜𝑚𝑒𝑛𝑡𝑢𝑚 strategy for both constrained and semi-

constrained portfolios perform very well. 
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Thematic investing (𝑇𝐼) (environmental tilt)  

The environmental focus of the 𝑇𝐼 strategy lays the foundation for the three sub-strategies focusing 

on resource use, emissions, and environmental innovation. 4 out of 9 constrained portfolios across 

these sub-strategies outperform the S&P500. It is noteworthy that 𝑇𝐼DJK.PJJIKMB#IJ consistently 

underperforms the benchmark for all three types of investors. This could indicate a low 

intercorrelation between firms focusing on environmental innovation and their financial 

performance. This is somewhat not in line with what Porter et al. (1995) suggests, as they propose 

that environmentally driven innovations create value. On the contrary, 𝑇𝐼<GHIN<OG and 𝑇𝐼GA#HH#IJH 

perform better than the benchmark for investors with 𝛾 = 5 and 𝛾 = 10 on a risk-adjusted basis. A 

pervasive tendency across these sub-strategies is, the outperformance and underperformance are 

relatively significant. 𝑇𝐼DJK.#JJIKMB#IJ	 obtains negative excess SRs of -0.12, -0.6, and -0.5 for 𝛾 =

1, 𝛾 = 5, and 𝛾 = 10, respectively. On the other end, 𝑇𝐼<GHIN<OG and 𝑇𝐼GA#HH#IJH obtain excess SRs of 

0.14 and 0.16 for investors with 𝛾 = 10, and 0.08 and 0.11 for those with 𝛾 = 5.  

 

Considering the semi-constrained portfolios for these strategies, they all provide SRs in excess of 

the benchmark for investors with higher risk aversion. However, 𝑇𝐼DJK.PJJIKMB#IJ seems to be the 

sub-strategy that provides the lowest excess SRs when compared to 𝑇𝐼<GHIN<OG and 𝑇𝐼GA#HH#IJH. 

These two sub-strategies, both on a constrained and semi-constrained level, perform either equal 

to or better than the sub-strategies in 𝐵𝐼𝐶, 𝐸𝑆, and 𝑚𝑜𝑚𝑒𝑛𝑡𝑢𝑚. This is an interesting result in 

relation to the findings of Dowell et al. (2000) who finds a positive relation between company value 

and environmental performance.  
 

8.1.3 Section key take-aways 

To summarize the key take-aways from the analysis of the four strategies, our results indicate that 

the 𝑚𝑜𝑚𝑒𝑛𝑡𝑢𝑚	strategy shows the highest risk-adjusted performance among 𝐵𝐼𝐶, 𝐸𝑆,	and 

𝑚𝑜𝑚𝑒𝑛𝑡𝑢𝑚, both in the EW setting and in the MV setting. Considering the 𝑇𝐼 strategy, which has 

an environmental focus, we see very high SRs for 𝑇𝐼<GHIN<OG and 𝑇𝐼GA#HH#IJH. It is evident that the EW 

portfolios perform inferior to the MV optimized portfolios. Moreover, in the MV setting, governance 

proves to perform generally well, in line with Pedersen et al. (2019) and Friede et al. (2015), across 

𝐵𝐼𝐶, 𝐸𝑆, and 𝑚𝑜𝑚𝑒𝑛𝑡𝑢𝑚. Another interesting result is that, as Manescu (2011) finds positive 
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correlation between social matters and financial performance, our results indicate that the 

social	sub-strategy generally performs bad. 
 

8.2 Objective function, portfolio construction and new efficient frontier 

An observable pervasive theme across the constrained and semi-constrained portfolios within these 

four strategies is the fact that SRs increase with investors’ risk aversion. Recall the objective function 

shown in equation (35). It is evident that the investor is penalized for taking on risk as the risk 

aversion parameter 𝛾 increases. Hence, when the investor is less risk averse, she is not penalized as 

much for taking on more risk in the maximization of return. Specifically, this means that the SR for 

the less risk averse investors are lower due to the fact that they want to maximize return and thereby 

take on more risk, relatively. However, on the contrary, the objective function is higher for these 

less risk averse investors. Specifically, this is true because the objective function is a result of two 

components: a maximization of return and a risk penalty (Munk, 2018). Hence, a low risk aversion 

implies being less affected by the penalty of taking on more risk, which is why such investors can 

obtain a higher return, and thereby achieve a higher objective function. To summarize, this can 

explain why investors with less risk aversion experience lower SRs than the more risk averse 

investors, due to their willingness to take on more risk.  

 

Recall that we have chosen to structure the performance analysis through the lens of three different 

risk preferences in which the optimal portfolio has been a result of their maximization of return.  

Contemplating on the behavior of the three investors with different risk preferences, we should 

note that there is a distinction between how they individually structure the allocation of the 

investable securities. An illustration of the weighting structure for the optimized portfolios is 

provided in table 8.3. For the less risk averse investors, the allocation across different securities is 

very narrow, meaning that certain securities are assigned larger weights. This is a result of the 

optimal portfolio choice that is determined by the objective function. The implied variance-related 

penalty in the objective function forces investors with higher risk aversion to broaden the weights 

allocated to the portfolio securities. To exemplify this, it can be seen in table 8.3 that investors with 

𝛾 = 1 allocate weights to four securities, investors with 𝛾 = 5	to five securities, and investors with 

𝛾 = 10 to nine securities, when they are fully constrained. The chase for returns is very different for 
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the three investors, where the less risk averse investor might be getting a higher return by allocating 

high weights to few assets (eg. 80% in ALGN). Despite getting a higher return, the less risk averse 

investors do not achieve as high risk-adjusted return as the more risk averse investors. These types 

of investors manage to diversify their portfolios in a fashion that allows them to obtain higher risk-

adjusted returns. 

 
Table 8.3: An example of the weight distribution of the unconstrained, constrained and semi-constrained (max10% short) 
portfolios. This example is from 𝑚𝑜𝑚𝑒𝑛𝑡𝑢𝑚'(.. The left column shows all assets selected in this strategy. Refer to 
appendix 1 for an exhaustive list of the securities in our investment universe. 𝑤/01signifies the weight allocated in the 
tangency portfolio. Source: Own contribution 
 

How do the constrained and semi-constrained portfolios then fit in the mean-variance setting? The 

efficient frontier is conventionally created from a composition of unconstrained mean-variance 

efficient portfolios. This frontier presents the most efficient trade-off between risk and return for 

portfolios of risky assets. By creating portfolios that are not unconstrained and have limited 

allocation possibilities, a new frontier is formed both for the fully constrained and for the semi-

constrained portfolios. These frontiers represent the best trade-off between risk and return when 

investors are subject to the constraints we present in this thesis. In figure 8.1, we illustrate the three 

efficient frontiers and how they differ from each other.  

RRA 1 5 10 1 5 10 1 5 10
w_tan 1345% 269% 134%

AIZ 170% 34% 17% 0% 0% 9% -10% 6% 12%
ALGN 8% 2% 1% 80% 13% 4% 84% 15% 4%
AME -99% -20% -10% 0% 0% 0% -10% -10% -10%
ATO 401% 80% 40% 0% 0% 15% -10% 9% 24%

CDNS 380% 76% 38% 8% 39% 26% 57% 49% 33%
EXR 313% 63% 31% 0% 2% 9% -10% 17% 19%
IEX 156% 31% 16% 0% 0% 0% -10% -10% 9%

MAA -330% -66% -33% 0% 0% 0% -10% -10% -10%
ODFL 86% 17% 9% 0% 0% 2% -10% 2% 6%
PHM -78% -16% -8% 0% 0% 0% -10% -10% -8%
PKG -78% -16% -8% 0% 0% 0% -10% -10% -8%
SJM -171% -34% -17% 0% 0% 0% -10% -10% -10%
TFX 345% 69% 34% 2% 36% 25% 55% 50% 30%
URI -62% -12% -6% 10% 0% 0% 20% 4% -2%

VRTX 194% 39% 19% 0% 11% 10% 4% 17% 15%
AAP 111% 22% 11% 0% 0% 1% -10% 0% 6%

Sum of risky assets 1345% 269% 134% 100% 100% 100% 110% 110% 110%
Risk-free asset -1245% -169% -34% 0% 0% 0% -10% -10% -10%
Sum minus rf 100% 100% 100% 100% 100% 100% 100% 100% 100%

Max 10% short Unconstrained Constrained

Optimal portfolios
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Figure 8.1: Illustration of the mean-variance efficient frontiers for the unconstrained (blue), the constrained (light green), 
and the semi-constrained (orange) portfolios. As in table 8.3, this example is from 𝑚𝑜𝑚𝑒𝑛𝑡𝑢𝑚'(.. Source: Own 
contribution.  
 

It is observable that the fully constrained frontier (light green line) is the farthest away from the 

theoretical unconstrained frontier, whereas the semi-constrained frontier (orange) is, as expected, 

closer. This makes sense due to the fact that allowing investors to short (max 10%), enables them 

to achieve portfolios with a better risk-return trade-off, which is driven by the ability to obtain more 

diversified portfolios (Bodie et al., 2017). In addition, there is no upper bound to long positions in 

the securities within the semi-constrained portfolios, which makes room for highly levered positions 

in securities. For example, for a given risk aversion, an investor could potentially short 10% of every 

security in a portfolio (incl. risk-free asset) but one, and thereby assign a huge long position to the 

last security. This lack of an upper bound allows the semi-constrained frontier to be closer to the 

unconstrained frontier. 
 

8.2.1 Securities selected  

As the performance of all portfolios within the applied strategies have been assessed, it is 

interesting to address which securities have been selected in the portfolio construction. In table 8.4, 

the securities selected for all strategies are illustrated.  
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Table 8.4: List of all the securities selected presented by tickers within each strategy. There are 141 different stocks 
selected across all strategies. Source: Own contribution. 
 

As 𝐵𝐼𝐶 by definition entails selecting securities within different sectors based on their ESG-

performance, the portfolios obtained for these strategies include 22 securities spread over 11 

sectors (two securities from each sector). As pointed out in chapter 3, this security selection 

approach might violate the characteristics of a conventional ESG-motivated investor, since sectors 

that may be associated with low ESG performance are included. Hence, the best ESG performing 

stocks within such industries may have a relatively lower ESG-score than firms within sectors that 

are associated with good ESG-performance. Examining the securities included in the four different 

𝐵𝐼𝐶 sub-strategies it is observable that well-represented stocks are Weyerhaeuser Co., Intel Core, 

Newmont Mining Corp., Microsoft, and Intel Core. Interestingly, Newmont Mining is considered a 

“sin stock” in the ES strategy and so would securities like Chevron and ConocoPhilips, who are also 

represented in 𝐵𝐼𝐶. Thus, following a 𝐵𝐼𝐶 approach makes investors invest in assets that would not 

have been chosen if evaluated solely on ESG performance. This indirectly means that investors 

might risk adding securities with a lower ESG score to their portfolios (Zuber, 2017). Considering 

the ESG-performance, the average scores for these four sub-strategies are 83.6 (ESG), 89.4 (E), 87.7 

ESG E S G ESG E S G ESG E S G Ressource use Emissions Env. Innovation
ALL A ABT ABT A A ABT ABT AIZ AIZ AES AGN ADI ACN ADSK
APD ALL BAX AES ACN ACN ACN AEP ALGN ATO DISCA ALGN CMS AMZN ANSS
COP APD CMCSA ALL ADSK ADSK BAX AES AME CDNS ETFC AME CSCO APD APD
CVS BA COP CL ALL ALL BMY ALL ATO DG EXR ATO CVS BA BK
CVX BKR CPB GE BA BA CPB CAG CDNS EXR GPN AVGO GILD BSX CVS
DIS COST DIS GPS CL C CSCO CL EXR HBI HBAN CMCSA GS CSCO ETN
ED CVS ETR HST CSCO CVS CVS CLX IEX IDXX HST CPRT HST EW FRT
GE CVX FCX IFF CVS GE DIS FDX MAA IEX IEX CTXS INTU EXC GS

INTC ED GIS INTC GE GOOG GE GE ODFL MAA MAA DIS JWN GILD HAL
JNJ EMN GPS MMM GIS GS GIS HIG PHM ODFL ODFL DLR KR GS HST

MDLZ GOOG HAL MRO GPS IBM GPS HST PKG PKG RE HPQ LMT HSY IBM
MMM GS IBM MSFT IBM INTC IBM INTC SJM RJF SWK IPGP LRCX HUM JCI
MSFT INTC JCI NEM INTC JNJ INTC IVZ TFX TFX TDG PHM MDT INTC KIM
NEM PEG JPM NWL JCI MS JCI MCO URI UHS URI PNR MSFT INTU MS
PEP PLD MMM OKE JNJ MSFT JNJ MMM VRTX VRTX VNO VRTX NEM IP MXIM
PLD SBUX MSFT OMC MMM ORCL MDT MSFT AAP WAB AAP AAP ORCL MAR NSC

SBUX T NEM PEP MSFT SBUX MMM NI PM MO PKG
STT TGT STT UNH PEP STT MSFT PEP REGN PLD SBUX
TGT TXN VTR VZ SBUX TXN PEP VZ T RCL STT
VZ WM WEC WEC STT WM TXN WEC TIF REGN TXN

WEC WMT WY WFC TXN WMT WY WFC XOM TXN WFC
WY WY YUM WY WY WY YUM WM YUM WEC WMT

Stock selection
Best-in-Class Exclusionary Screening Momentum Thematic Investing
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(S), and 85.3 (G)49. However, this strategy exhibits the greatest focus on diversification as securities 

are chosen over a range of different sectors. This may be different for 𝐸𝑆, 𝑚𝑜𝑚𝑒𝑛𝑡𝑢𝑚, and 𝑇𝐼 as 

their approaches do not directly imply including several sectors. 

 

The 𝐸𝑆 approach implies selecting securities with the best ESG-performance after excluding 

securities that are conflicting with conventional ESG morals and standards. Different from 𝐵𝐼𝐶, 𝐸𝑆 

is not naturally restricted to invest equally in different sectors. This could potentially create an 

overweight of certain sectors and has done so in our study. Observing table 8.4, it is apparent that 

three sectors dominate the asset selection. These are financials, Information Technology, and 

Health Care50, which account for almost 50% of the securities included by applying this strategy. 

Naturally, by including many stocks within the same sector, the ability to make a well-diversified 

portfolio is reduced. On this note, portfolios that are not well-diversified across sectors might be 

more exposed to market variations. As mentioned in chapter 6, our dataset is based on a time-

horizon, where the market has been bullish (Divine, 2019). Therefore, we cannot assess how the 

portfolios within 𝐸𝑆 would be affected by market downturns. The overweighting of these sectors 

could indicate that there is a general tendency for companies that operate within these sectors to 

have a high ESG-score compared to industries like Energy and Utilities. Additionally, a common 

feature across the four 𝐸𝑆 sub-strategies, is that Microsoft, Intel Core, and General Electrics are 

among the best represented stocks. The average ESG, E, S, and G scores are 86.1, 92.2, 91.7, and 

86.1, respectively. Thus, these are generally a bit higher than the corresponding averages in the 

𝐵𝐼𝐶 sub-strategies. 

 

Considering the portfolios constructed for the 𝑚𝑜𝑚𝑒𝑛𝑡𝑢𝑚 sub-strategies, they each contain a total 

of 16 securities. As these securities are based on their improvements in ESG-performance over the 

past 12 months, they are not necessarily the definitively best performing stocks on an ESG basis. 

For example, a company with a low ESG-score could potentially have experienced a relatively high 

increase in this score over the past year and would therefore be preferred over a stock with a high 

 
49 The average scores that represent ESG, E, S, and G are gathered from the data we collected from Eikon as explained in 
chapter 6. This calculation is also applied to sub-strategies of 𝐸𝑆, 𝑚𝑜𝑚𝑒𝑛𝑡𝑢𝑚 and 𝑇𝐼. 
50 Appendix 1 shows an exhaustive list of tickers, company names, their respective sectors, and their ESG-scores. 
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ESG-score (but low change over the last 12 months) in the asset selection. The average scores for 

these sub-strategies are 35 (ESG), 30.2 (E), 38.8 (S), and 39.3 (G). Compared to 𝐵𝐼𝐶 and 𝐸𝑆, this 

strategy provides lower average scores across the sub-strategies. This could thereby be a result of 

the approach of measuring the relative improvement in scores over the past 12 months.  

 

𝑇𝐼 exclusively focusses on parameters within the environmental sub-factor, which is why the 

securities selected for these sub-strategies only consider scores for resource use, emissions, and 

environmental innovation. The securities selected across these sub-strategies primarily operates 

within sectors of Health Care, Information Technology, and Consumer Discretionary. In line with the 

implications of the 𝐸𝑆 approach, this thematic strategy may also be subject to some diversification 

issues. Furthermore, when solely focusing on the environmental factor and its associated 

components, this category contradicts the idea of being a total ESG-motivated investor. This can 

be exemplified by considering Goldman Sachs, who has superior environmental performance with 

a total E-score of 92.7, while having a low G-score of only 41.2. This example illustrates the point 

that an investor can select stocks that are performing good in one single sub-factor, but horrible in 

other factors, and thereby not comply with general ESG motivation.  
 

8.2.2 Section key take-aways 

Summarizing this section, we see that investors with higher risk aversions have a tendency of 

achieving higher SRs due to the fact that they allocate wealth to more assets, and thereby obtain a 

portfolio that creates a more effective relationship between risk and return. Considering the assets 

selected within each strategy, the 𝐵𝐼𝐶, given its strategic nature, include securities from 11 different 

sectors of which some do not fully comply with general sustainable criteria. The 𝐸𝑆 strategy yields, 

in our case, a portfolio that is heavily weighted towards a few industries (Health Care, IT and 

financials), which causes it to be less diversified on a sector basis. The interesting finding in the 

𝑚𝑜𝑚𝑒𝑛𝑡𝑢𝑚 strategy is that, although achieving high SRs, the sustainable performance of these 

strategies shows to be relatively low, reaching scores below 40. Lastly, 𝑇𝐼 exclusively consider 

environmental matters and therefore could be prone to include companies that perform horribly in 

other sustainable matters, such as including Goldman Sachs. 
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8.3 Active vs. passive investing and realizability of portfolios 

Considering the results of the performance analysis above, the four ESG-motivated strategies will 

now be analyzed with respect to their practical applicability. The upcoming section will therefore 

serve as an analysis that supports the performance analysis and provide an assessment of the 

realizability of our portfolios. Specifically, we do not adjust our portfolios for market imperfections, 

but rather analyze how these imperfections affect our different portfolio types. The foundation of 

this analysis is found in table 8.4, where we illustrate (via the 𝑚𝑜𝑚𝑒𝑛𝑡𝑢𝑚DEF strategy) the structure 

of the optimal portfolio weights for unconstrained, constrained, and semi-constrained investors.  

 

All the portfolios investigated are built on active investing principles, in which securities have 

actively been selected with regards to their respective ESG-criteria. Therefore, the implications of 

active investing are also relevant to include in the analysis of how these portfolios are practically 

realized. Referring back to table 8.4, the unconstrained portfolio exhibits large positions, both long 

and short, in various assets. This is particularly the case for investors with 𝛾 = 1, where the weights 

assigned to the different assets seem unrealistically large. However, it is a completely unconstrained 

portfolio and the investor is less risk averse, so the intuition behind borrowing a large amount in 

the risk-free asset (1245%) and assigning huge amounts of wealth to stocks (e.g. 401% to ATO and 

380% to CDNS) is a question of creating the best combination of risk, return and correlation. Such 

complex weight structures are also present in the unconstrained portfolios for 𝛾 = 5 and 𝛾 = 10. 

Although the allocation of wealth under these portfolios are not as extreme as for 𝛾 = 1, they might 

still be difficult for investors to follow due to the fact that all assets are assigned a specific weight 

(positive or negative), which complicates the applicability. As stated in section 8.1.2, these extreme 

weights are not unusual for unconstrained portfolios as no limits are imposed to the portfolios 

(Munk, 2018). 

 

The application of the unconstrained setting is highly influenced by several market imperfections. 

Transaction costs are a major subject in active investing as investors are required to trade frequently 

in order to maintain the optimal weight structure in their portfolio (Damodaran, 2005). As noted in 

chapter 5, the MV optimization model assumes, among other things, that transaction costs and 
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taxes are excluded (Mangram, 2013). This naturally presents the trade-off between constantly 

trading in order to maintain the optimal portfolio and the accumulated transaction costs that follow. 

Therefore, investors have to find a rebalancing frequency that does not compromise expected 

returns and the optimal portfolio allocation. The question is then, if this is possible for our portfolios.  

 

As mentioned in chapter 4, Eugene Fama (1970) and William Sharpe (1964) are advocates for 

passive investing. The former argues that the markets are efficient, while Sharpe essentially states 

that the passive investing approach outperforms active due to the transaction costs. The arithmetic 

of active management developed by Sharpe, also known as Sharpe’s equality, is stated by Pedersen 

(2018) as follows:  

Before including associated costs: 

𝑎𝑣𝑒𝑟𝑎𝑔𝑒	𝑎𝑐𝑡𝑖𝑣𝑒	𝑟𝑒𝑡𝑢𝑟𝑛 = 𝑝𝑎𝑠𝑠𝑖𝑣𝑒	𝑟𝑒𝑡𝑢𝑟𝑛 

After including associated costs: 

𝑎𝑣𝑒𝑟𝑎𝑔𝑒	𝑎𝑐𝑡𝑖𝑣𝑒	𝑟𝑒𝑡𝑢𝑟𝑛 < 𝑝𝑎𝑠𝑠𝑖𝑣𝑒	𝑟𝑒𝑡𝑢𝑟𝑛 

Reflecting on this in relation to our portfolio approaches, the mean-variance optimization implies 

holding positions in various securities. To execute our portfolios naturally entails related costs, and 

this, by the theory of Sharpe, makes the alternative passive investment (S&P500) more financially 

attractive. However, Shiller (1980) argues that the inefficiency of markets makes active investment 

management able to outperform the market. Without definitively agreeing with Shiller, Pedersen 

(2018) opposes Sharpe’s equality by arguing that passive portfolios also face changes in the real 

world. Thus, regular trades are also present in passive investing due to new issued shares, 

repurchases, or reconstituted indexes, which could imply fees and thereby make active investing 

more attractive (Pedersen, 2018). Applying these views to the assessment of our different portfolio 

settings, we will dive into how the trading costs could have an impact on the choice of portfolio 

and investment strategy.  

 

As the unconstrained portfolios involve such complex structures, the accumulated transaction costs 

may seem very high in this setting. Keeping in mind that the investors considered in this thesis are 
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not big institutional money managers51, but rather investors with less access to quality information 

and higher transaction costs, their chances of “beating the market” are eventually lower than for 

institutional investors. As mentioned in chapter 4, the case against active investing has been widely 

studied in academia, where several studies have found that money managers tend to either break 

even with the market or underperform the market after adjusting for transaction costs (Damodaran, 

2005). Considering these findings, the unconstrained portfolios in our MV setting would i) be very 

comprehensive and time-consuming for the investors, and ii) include high amounts of transaction 

costs that potentially could destroy value.  

On the other hand, if investors, instead of following the active investment strategies, placed their 

wealth in an index or passive ETF, the amount of transaction costs would be very low. According to 

Sharpe’s equality, this would therefore make the passive investing approach more profitable for 

investors (Pedersen, 2018).  

 

In addition, when a bull market is present, passive investors seem to perform very well (Damodaran, 

2005). According to CNBC (Franck, 2020), a general bull market was experienced from 1987 to 

2000, which is much alike the economic characteristics of our selected time horizon (2010 to 2019). 

In this time period Damodaran (2005) presents findings regarding the percentage of active equity 

managers who have been outperformed by the S&P500. In this period, the S&P500 has on average 

outperformed 80% of the active equity managers in the US. On this note, Berk & DeMarzo (2017) 

show that the average mutual fund destroys value for their investors. Specifically, it seems that these 

fund managers trade in such a volume that the associated costs exceed the financial gains. We 

present a figure from J. Berk & J. van Binsbergen (2015) showing that mutual funds cannot create 

alpha for their investors, which is represented by the red line in figure 8.2 below.  

 
51 Refer to section 1.3, where we describe the investor type considered in this thesis. 
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Figure 8.2: The net alpha which is represented by the red line, is the alpha investors obtain, which is negative. This figure 
shows that active mutual funds do not seem to exhibit positive alphas for their investors compared to investing in passive 
funds. Source: J.Berk & J. Van Binsbergen (2015). 
 

It is important to note that the alpha is calculated in relation to the return for accessible index fund 

investing, which is passive. 

 

From the above analysis, we suggest that the unconstrained portfolios, given their complex 

weighting structures, pose a big challenge for individual investors to justify the assumed costs 

related to the obvious rebalancing requirements. With 16 (𝑚𝑜𝑚𝑒𝑛𝑡𝑢𝑚)52 or 22 (𝐵𝐼𝐶, 𝐸𝑆, 𝑇𝐼)53 

securities, this rebalancing process becomes too comprehensive and leads to high accumulated 

transaction costs. Therefore, these unconstrained portfolios may, for individual investors, seem too 

unrealistic. Even if the conclusion by Shiller (1980), that markets are inefficient, holds, we cannot 

rationalize the weighting structure in the unconstrained portfolios to be applicable for investors. 

Hedge funds and other large institutional investors may, to some extent, be more qualified for 

holding such complex portfolios. We do not intend to neglect the importance of rebalancing, since 

the lack of doing so could imply having allocated wealth to securities that develop in an 

inconvenient way. Additionally, an important remark is that the MV optimization model is 

 
52 This refers to the Momentum strategy 
53 This refers to the strategies of Exclusionary screening, Best-in-class, and Thematic investing. 
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considered a single-period model, which means that the optimal portfolio weights are static, while 

the real world requires dynamic adjustments (Munk, 2018). 

By refraining from rebalancing, an investor allows the movements in the market to determine the 

weights allocated to the portfolio, which is far from optimal (Wiseradvisor.com). However, 

addressing the constrained, and semi-constrained portfolios, these may seem to more 

appropriately match the abilities of an average individual investor.  

 

Further expanding this analysis to the weights of the constrained portfolios, we observe in table 8.3 

that fewer securities are included across each risk aversion compared to the unconstrained 

portfolios. The main characteristic of these constrained portfolios is rooted in the no-short sale 

constraint, which makes the allocation of wealth much simpler. Specifically, referring to table 8.3, 

we see that for 𝛾 = 5 wealth is distributed across five securities in long-only positions. Hence, the 

rebalancing of this portfolio would be much less comprehensive than for the unconstrained portfolio 

with the same risk aversion. The optimal portfolio in this case is therefore more achievable and 

easier to adjust for. This, again, implies lower volume of associated costs and creates incentive for 

investors to more frequently adjust for the optimal weighting structure. The determination of the 

perfect rebalancing frequency is difficult, but as this portfolio require trading in few selected stocks 

(based on ESG-criteria) in order to maintain an optimal portfolio, the question about passive versus 

active investing in relation to costs is quite interesting. As Pedersen (2018) states that passive 

investing also requires some trading, the active investors who consider this type of portfolio could 

eventually have an advantage in terms of trade-off between maintaining a relatively higher SR while 

accommodating the transaction costs.  

Thus, the fact that these portfolios do not include every selected stock based on ESG-criteria, adds 

to the heightened applicability of these portfolios. 

 

Analyzing the weights in the semi-constrained portfolio setting, it is apparent that the characteristics 

of these portfolios may seem more of a mixture between the unconstrained and the fully 

constrained portfolios. It is evident that, like in the unconstrained setting, the optimal portfolio in 

this setting makes use of almost every available asset. Yet, like in the fully constrained portfolios, 

the investors in the semi-constrained setting are not able to take on extreme weights due to their 
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10% shorting restriction. Exemplifying this, table 8.3 shows that the optimal semi-constrained 

portfolio for 𝛾 = 5 include short positions in six assets. On one hand this adds to the complexity of 

realizing such optimal portfolio, but on the other hand, the fact that these weights are not extreme 

adds to the applicability for investors pursuing this portfolio. The possibility of shorting assets may 

lead to higher expected returns, but since it entails using more assets than in the fully constrained 

setting, additional transaction costs follow. 
 

8.3.1 Section key take-aways 

Reviewing these three types of portfolio approaches, we assume that the securities involved for the 

unconstrained and the semi-constrained portfolios are much alike. However, we suggest that the 

unconstrained portfolio is unrealistic to implement in practice, especially for less risk averse 

investors. In addition, portfolios that include weights in many assets, will automatically be subject 

to more transaction costs when rebalancing to get the optimal portfolio weights. Therefore, the 

unconstrained and semi-constrained portfolios are relatively more affected by these costs than the 

constrained portfolios that, all else equal, does not require much trading when rebalancing. 
 

8.4 Jensen’s alpha 

This analysis shall function as an extension of the performance analysis initiated in section 8.1, where 

the out-of-sample SR is the risk-adjusted performance measure used. 

Proceeding the performance analysis of these portfolios, we focus on the constrained and semi-

constrained portfolios due to the above assessment of realizability, where we found that the 

unconstrained portfolio might be too unrealistic.  

Recall from section 6.2.4 that one of the most commonly used performance measures for portfolios 

is Jensen’s alpha. This is used to measure the portion of return that is not explained by the 

systematic risk taken (Munk, 2018). This risk is measured by beta, referring to equation (44) in section 

6.2.4. Thus, this serves as an extension of our performance analysis in section 8.1 with respect to 

SR. The Jensen’s alpha is an absolute comparison to a benchmark (S&P500), which we will analyze 

and link the results to the analysis of the portfolios’ SRs. 
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8.4.1 Sharpe ratio versus Jensen’s alpha 

Before analyzing the results of Jensen’s alpha, the difference between how SR and Jensen’s alpha 

imply risk should be assessed in order to provide a more appropriate comparison. Restating the 

equations (43) and (44) for these measures, we have that 

𝑆𝑅 =
𝐸[𝑟$] − 𝑟;
𝑆𝑡𝑑[𝑟$]

, 

and  

𝛼$ = 𝐸[𝑟$] − c𝑟; + 𝛽$D𝐸[𝑟A] − 𝑟;En 

It is apparent that the SR is a relative measure, as the higher it is, the better the risk-adjusted return 

is. On the contrary, Jensen’s alpha is an absolute measure, as it provides a measure of how a given 

portfolio or asset performs in comparison to the benchmark. The risk implied in this measure is the 

beta, which measures the individual portfolio’s volatility relative to the market (S&P500 in this case). 

Hence, it shows the portfolio’s sensitivity in relation to market movements (Khillar, 2019). The risk 

implied by the SR is expressed by the standard deviation of the return, which includes both 

systematic and unsystematic risk and is thus a total measure (Ibid, 2019). A perfectly diversified 

portfolio would, theoretically, eliminate all unsystematic risk (Munk, 2018). However, as the 

constrained and semi-constrained portfolios are restricted, their ability to construct a total 

diversification is limited, which could have an impact on the conclusive difference between SR and 

Jensen’s alpha. 

 

In extending the out-of-sample risk-adjusted performance analysis of our ESG-motivated strategies, 

we have calculated Jensen’s alpha for the constrained and semi-constrained portfolios. These 

results are seen in the table below. 
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Table 8.5: This table shows the out-of-sample Jensen’s alphas for both MV portfolios and EW (1/N) portfolios across the 
four ESG-motivated strategies and their sub-strategies. Source: Own contribution. 
 

8.4.2 Equally weighted portfolio 

Analyzing the Jensen’s alpha results for the EW portfolio seen in table 8.5, we observe that across 

all strategies, only 4 out of 15 sub-strategies obtain a positive alpha. These positive alphas reach 

levels of 0.5%, 0.4%, 0.07%, and 0.3% for 𝑚𝑜𝑚𝑒𝑛𝑡𝑢𝑚DEF, 𝑚𝑜𝑚𝑒𝑛𝑡𝑢𝑚D, 𝑚𝑜𝑚𝑒𝑛𝑡𝑢𝑚F, and 

𝑇𝐼GA#HH#IJH, respectively. All sub-strategies within 𝐵𝐼𝐶 and 𝐸𝑆 exhibit negative alphas in the range 

of -0.5% to -0.13%. Relating these results to the SR analysis of the EW portfolios, it is observable 

that the only sub-strategy achieving a positive SR is 𝑚𝑜𝑚𝑒𝑛𝑡𝑢𝑚DEF. The fact that this sub-strategy 

is also the one obtaining the largest (but still marginal) alpha across all strategies, indicates that the 

EW portfolio for 𝑚𝑜𝑚𝑒𝑛𝑡𝑢𝑚DEF is the best performing on a financial basis.  
 

8.4.3 Mean-variance setting 

Best-in-Class 

Analyzing the results for Jensen’s alpha across the 𝐵𝐼𝐶 sub-strategies, it is observable that the 

constrained portfolios obtain alphas that span between 0.36% and 1.25%. Across the four sub-

strategies, 𝐵𝐼𝐶F provide the highest alphas for all three risk aversions, whereas 𝐵𝐼𝐶E provides the 

lowest (between 0.36% and 0.53%). Reflecting on this pattern in relation to the results we found in 

section 8.1, the risk-adjusted returns in terms of SRs for the 𝐵𝐼𝐶F sub-strategy were also superior to 

𝐵𝐼𝐶E. This further enhances the proposition that the governance factor has a larger intercorrelation 

RRA Constrained Max 10% short Constrained Max 10% short Constrained Max 10% short Constrained Max 10% short

1 0,535% 1,910% 0,622% 1,954% 0,525% 2,439% 1,249% 4,580%

5 0,458% 1,555% 0,516% 1,653% 0,407% 1,722% 1,156% 3,115%

10 0,459% 1,296% 0,503% 1,347% 0,359% 1,323% 1,009% 2,365%

1/N

RRA Constrained Max 10% short Constrained Max 10% short Constrained Max 10% short Constrained Max 10% short
1 0,502% 2,304% 0,486% 2,084% 0,515% 1,994% 0,611% 2,255%
5 0,528% 1,990% 0,523% 1,811% 0,402% 1,490% 0,577% 1,970%
10 0,453% 1,689% 0,467% 1,518% 0,331% 1,187% 0,573% 1,812%

1/N

RRA Constrained Max 10% short Constrained Max 10% short Constrained Max 10% short Constrained Max 10% short
1 1,065% 2,004% 1,111% 2,143% 0,605% 2,196% 1,381% 3,762%
5 1,127% 1,835% 1,032% 1,732% 0,951% 2,113% 1,394% 2,811%
10 1,041% 1,533% 0,981% 1,507% 0,883% 1,804% 1,199% 2,230%

1/N

RRA Constrained Max 10% short Constrained Max 10% short Constrained Max 10% short
1 1,704% 3,908% 1,719% 4,226% 0,171% 1,650%
5 1,059% 2,854% 1,363% 2,781% 0,239% 1,394%
10 0,989% 2,277% 1,182% 2,197% 0,178% 1,105%

1/N -0,046% 0,320% -0,486%

-0,314% -0,250% -0,167% -0,136%

ESG E S G

S G

Out-of-sample Jensen's alpha : THEMATIC INVESTING
Ressource use Emissions Environenmental Innovation

Out-of-sample Jensen's alpha : MOMENTUM
ESG E S G

0,496% 0,404% -0,048% 0,065%

Out-of-sample Jensen's alpha : BEST-IN-CLASS

Out-of-sample Jensen's alpha : EXCLUSIONARY SCREENING
ESG E

-0,193% -0,131% -0,494% -0,319%
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with financial performance than social, which we found in section 8.1 and, to some extent, 

corresponds with the findings of Friede et al. (2015) and Pedersen et al. (2019). Moreover, 𝐵𝐼𝐶DEF 

and 𝐵𝐼𝐶D show relatively similar results in terms of alpha with 𝐵𝐼𝐶D providing marginally higher 

alphas than 𝐵𝐼𝐶DEF. According to the definition of Jensen’s alpha shown in section 6.2.4, the results 

across these sub-strategies show that investors are only marginally compensated (small positive 

alphas) for the amount of systematic risk taken. This is the case for 𝐵𝐼𝐶DEF, 𝐵𝐼𝐶D, and 𝐵𝐼𝐶E as their 

alphas are only slightly above the expectation of CAPM. For 𝐵𝐼𝐶F, the constrained investors are to 

a higher degree compensated for taking on systematic risk as the alphas for all three risk aversions 

are above 1%. 

 

The semi-constrained portfolios within this strategy provide significantly higher alphas than the 

constrained portfolios ranging from 1.3% to 4.58% across all four sub-strategies. The recognizable 

pattern of governance performing superior is present, but interestingly, 𝐵𝐼𝐶E performs better than 

both 𝐵𝐼𝐶DEF and 𝐵𝐼𝐶D, which is conflicting with the results for the constrained portfolios, but 

somewhat tilted towards the findings of Manescu (2011). Additionally, these results are opposing 

our findings for SRs within 𝐵𝐼𝐶 in section 8.1, where a pervasive theme was the SRs for 𝐵𝐼𝐶E showing 

the lowest financial performance.  

 

Exclusionary screening 

Across all constrained and semi-constrained portfolios in this strategy, 𝐸𝑆F shows the highest levels 

of alpha. However, these alphas are substantially lower than their counterparts in 𝐵𝐼𝐶F. Thus, the 

compensation for taking on systematic risk is relatively low for all these portfolios across the sub-

strategies within 𝐸𝑆. Comparing these risk-adjusted results to the SR analysis in section 8.1, we see 

a similar pattern, where the excess SR for the 𝐸𝑆F is generally lower than in 𝐵𝐼𝐶F. Recall that this 

strategy excludes specific sectors, which implies that financially attractive companies potentially 

could be excluded from the investment universe and thus, narrowing down the investable securities. 

Hong & Kacperczyk (2009) as well as Pedersen et al. (2019) argue that by excluding so-called sin 

stocks, the investor gives up some level of SR. This could therefore be a relevant factor in explaining 

why 𝐵𝐼𝐶	and 𝑚𝑜𝑚𝑒𝑛𝑡𝑢𝑚 generally exhibits higher financial performance on an overall basis when 
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measuring performance with Jensen’s alpha. This is, however, only partly the case when considering 

the results in the SR analysis. 

 

Momentum 

Equal to the analysis of the performance of SRs when considering the four 𝑚𝑜𝑚𝑒𝑛𝑡𝑢𝑚  sub-

strategies, we observe that 𝑚𝑜𝑚𝑒𝑛𝑡𝑢𝑚E exhibits the lowest alphas for the constrained portfolio by 

obtaining alphas below 1% for all risk aversions. Conversely, the rest of the constrained portfolios 

show positive alphas above 1% for all risk aversions. The semi-constrained portfolios show, similar 

to 𝐵𝐼𝐶 and 𝐸𝑆, high alphas across risk aversions. Altogether, the 𝑚𝑜𝑚𝑒𝑛𝑡𝑢𝑚 strategy displays a 

generally higher level of alphas than for 𝐵𝐼𝐶 and 𝐸𝑆, which is in accordance to the pattern found in 

the SR analysis and the findings of Nagy et al. (2013). 

 

Thematic Investing (environmental tilt) 

As in the SR analysis, the 𝑇𝐼DJK.PJJIKMB#IJ sub-strategy perform worse than 𝑇𝐼DA#HH#IJH and 𝑇𝐼RGHIN<OG, 

as the alphas are, in fact, positive but considerably lower. This is, to some extent, in line with the 

results of the SR analysis. However, although the alphas are low, they still create some value, which 

is in contrast to the SRs of the constrained portfolios within this strategy as they are all negative. 

On an overall basis, the sub-strategies 𝑇𝐼DA#HH#IJH and 𝑇𝐼RGHIN<OG provide relatively high alphas both 

for the constrained and semi-constrained portfolios. As in the SR analysis of 𝑇𝐼, it is apparent that 

these sub-strategies outperform the market, which, to some extent, concords with the findings of 

Dowell et al. (2000), where a positive relationship between financial performance and environmental 

performance was found. 
 

8.4.4 A note on risk aversion 

Contemplating on the three investors with different risk aversions, it is apparent that investors with 

𝛾 = 1 achieve the highest alphas, whereas 𝛾 = 10 obtain the lowest. Again, this is in sharp contrast 

to the risk-adjusted returns measured with SRs, where the more risk averse investors proved to have 

the highest SRs. An explanation for this can be found in the difference between the two risk-

adjusted measures, SR and Jensen’s alpha, referring back to section 8.4.1. Recall that investors with 

low risk aversions are more prone to take risks in the pursuit of high returns, which means that they 
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take on a large amount of standard deviation. This can affect the SR negatively if the standard 

deviation is considerably higher than the expected excess return, in relative terms. On the contrary, 

as Jensen’s alpha only considers the beta and not the standard deviation, the amount of 

unsystematic risk is therefore not accounted for (Munk, 2018). Thus, the amount of unsystematic 

risk associated with the higher expected excess returns is not accounted for when measuring the 

alpha, which can help improve the alphas for the less risk averse investors.  

 

Reflecting on the results for the semi-constrained portfolios, we see that they generally obtain 

remarkably higher alphas than the fully constrained portfolios. The lack of diversification 

opportunities in the constrained portfolios could be an explanatory variable for this result. Hence, 

the number of assets included in the semi-constrained portfolios is higher than for the constrained, 

which enhances the diversification effect. Given the ability for semi-constrained investors to take 

short positions, and thereby add additional weight to long positions, enables the investors to 

achieve a lower weighted portfolio beta relative to the higher expected return they obtain as a 

result of their ability to go short (Coggin et al., 1998).  

 

The pattern recognized in the analysis of Jensen’s alpha, that 𝑚𝑜𝑚𝑒𝑛𝑡𝑢𝑚 as a strategy and 

governance as a sub-strategy perform very well, fits with the findings in the SR analysis. However, 

the overall outperformance of the strategies in the alpha analysis only show positive alpha-creating 

portfolios, opposed to the SR analysis, where 26.5%54 of the portfolios underperformed the 

benchmark. Again, the difference between beta and standard deviation as risk measures, plays a 

role in explaining this result. An important note is that these results are based on the portfolios 

optimized through the MV optimization approach. Reviewing the results for the EW portfolios, we 

see that negative alphas are obtained for the majority of these portfolios. These portfolios are not 

maximizing returns, neither do they optimize diversification, which essentially leads to a worse 

performance on a risk-adjusted basis. Specifically, this means that they are not able to outperform 

the market, which concords with the findings in the SR analysis.  
 

 
54 There is a total of 135 portfolios across categories, strategies, risk aversions, and portfolio constraints. 32 portfolios 
underperform on a Sharpe ratio basis. Hence 32/135 = 26.5% 
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8.4.5 Section key take-aways 

Across the four strategies, both in the EW and the MV setting, 𝑚𝑜𝑚𝑒𝑛𝑡𝑢𝑚 shows the best out-of-

sample performance in terms of alpha, which supports our findings in section 8.1 focusing on SRs. 

The EW portfolios mostly display negative alphas. Conversely, on a MV basis, we exclusively see 

nonnegative alphas, where the governance sub-strategy displays the highest financial performance 

across all strategies 𝐵𝐼𝐶, 𝐸𝑆, and 𝑚𝑜𝑚𝑒𝑛𝑡𝑢𝑚, which is also the case for the results in the SR analysis. 

Even though 𝑚𝑜𝑚𝑒𝑛𝑡𝑢𝑚 evidently shows a high performance, 𝑇𝐼<GHIN<OG	and 𝑇𝐼GA#HH#IJH likewise 

show high alphas. The methodological approach of 𝑚𝑜𝑚𝑒𝑛𝑡𝑢𝑚, however, in regard to the ESG 

focus, could be somewhat questionable, which we will discuss later in this thesis. 

Distinguishing between the two risk-adjusted returns, SR and Jensen’s alpha, we see that SR 

increases with risk aversion, whereas Jensen’s alpha decrease with risk aversion. We explain this by 

the fundamental difference in the risk parameter of each measure.  
 

8.5 Key take-aways from chapter 8 

To summarize the four essential parts addressed in this analysis, we have the following: 

First part showed that 1 out of 15 equally weighted portfolios performed in excess of the 

benchmark. In the MV setting, 103 of 135 portfolios outperformed the benchmark based on out-

of-sample SR. Additionally, comparing 𝐵𝐼𝐶, 𝐸𝑆,	and 𝑚𝑜𝑚𝑒𝑛𝑡𝑢𝑚, we found that the 𝑚𝑜𝑚𝑒𝑛𝑡𝑢𝑚 

strategy exhibited the highest risk-adjusted returns in terms of SR when compared to the 

benchmark. Across these three strategies, the 𝑔𝑜𝑣𝑒𝑟𝑛𝑎𝑛𝑐𝑒	sub-strategy provided the highest 

excess SRs. Additionally, the 𝑇𝐼<GHIN<OG and 𝑇𝐼GA#HH#IJH sub-strategies proved to perform very well 

on an SR basis. 

Second part addressed the tendency of higher SRs for more risk averse investors and how the 

constrained portfolios present new efficient frontiers. Moreover, the structure of the securities 

selected within each strategy was analyzed. We found that 𝐵𝐼𝐶	and 𝑚𝑜𝑚𝑒𝑛𝑡𝑢𝑚	are somewhat 

similar in the way that they do not completely comply with general ESG norms, as they tend to 

include sectors that otherwise would have been excluded. Although 𝐸𝑆 exclude such sinful sectors, 

it tends to concentrate its portfolio holdings within a few sectors, and thereby may compromise 

diversification opportunities. 𝑇𝐼 also compromises diversification by skewing the holding of 

securities to a few sectors. 
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Based on theoretical concepts from active versus passive investing and market imperfections, third 

part assessed the realizability of the constructed portfolios. On that note, we suggest that the 

unconstrained portfolio is unrealistic for investors to apply. 

Fourth part extends the risk-adjusted comparison by including Jensen’s alpha to the analysis. Here, 

alpha is mostly negative for the EW portfolios, but proves to be positive for all portfolios in the MV 

setting. In line with the findings from the first part, the 𝑚𝑜𝑚𝑒𝑛𝑡𝑢𝑚 as an overall strategy generally 

shows highest performance, whereas governance	as a sub-strategy across all strategies exhibits the 

highest SRs and Jensen’s alphas when compared to 𝐵𝐼𝐶 and 𝐸𝑆. However, the 𝑇𝐼<GHIN<OG and 

𝑇𝐼GA#HH#IJH sub-strategies show, as in the SR analysis, a solid performance. 
 

9. Discussion  

Now that we have presented and analyzed the out-of-sample risk-adjusted performance results, we 

want to discuss the implications of our approach and put the results into perspective. Initially, the 

MV optimization approach and the underlying assumptions will be discussed with respect to how 

we employ it in our study. Further, we will discuss the selected estimation window for the out-of-

sample estimation as well as the application of the ESG-motivated strategies suggested by CFA 

Institute (2015). Lastly, a note on the current situation and its possible impact on the results of this 

thesis will be presented.  

 

Throughout this thesis, we have chosen to incorporate a complete investment process from an 

investor perspective55. Hence, from initiating the investment decision by following a specific ESG-

motivated investment approach to constructing and optimizing portfolios, have been assessed. Our 

choice of applying specific ESG-motivated strategies in the security selection process may differ 

from other studies such as Pedersen et al. (2019) and Utz et al. (2014), where the ESG parameter is 

incorporated directly into the portfolio optimization. However, to activate the specific ESG-

motivated investment strategies, the security selection process is, in our study, considered a crucial 

part of the investment decision. By allowing the investors to select specific securities based on the 

 
55 Recall that we have defined our investor as being different from institutional investors in terms of knowledge and investment 
capabilities, and thereby being more like an individual private investor. 



 103 

respective strategies, we do not adjust the MV optimization we apply, but rather foster an ESG-

motivated security selection process. The MV optimization approach, as well as the EW portfolio 

approach, is subsequently used to allocate wealth to the specific selected assets. Thus, the essence 

of evaluating the ESG-motivated strategies on a risk-adjusted basis lays the foundation of how the 

portfolio optimization approach is implemented. Given that the EW portfolio approach and the MV 

optimization approach serves as the models for us to evaluate the performance of the ESG 

investment strategies, it is relevant to address their underlying mechanics. Thus, we will now discuss 

the MV optimization approach and some of the relevant assumptions that affect our application of 

this model. 
 

9.1 MV optimization approach 

The financial model used to conduct our results for the MV setting is, as previously mentioned, 

based on the conventional Markowitz model. This model relies on several assumptions56, but is it 

reasonable to assume that these assumptions will not be violated in our application of the model? 

Generally, MPT has received criticism in terms of its assumptions being limited in real world 

application. We will discuss some of these key assumptions that impact our study. 

 

As MPT relies on the premise that markets are perfectly efficient makes it very sensitive to 

investment decisions that engage personal, environmental, or social preferences. Furthermore, 

information asymmetry and historical events in terms of busts, booms and bubbles have shown that 

markets are inefficient (Mangram, 2013). Reflecting on our results in table 8.5, we find positive 

Jensen’s alpha in all portfolios, which could indicate some form of mispricing, and thereby market 

inefficiency. Thus, our results show that the CAPM is not completely able to explain the returns of 

the portfolios constructed. This implies that there is something that cannot be explained by the 

single-index model, CAPM. Interestingly, empirical failings of the CAPM has been illuminated by 

Fama & French (2004), where they find that even passively managed portfolio can obtain abnormal 

returns (alphas) compared to the predictions of CAPM. This somehow rationalizes our findings of 

positive alphas for all ESG-motivated strategies in the MV setting. In further research, the 

 
56 See chapter 5 for stated assumptions in the mean-variance model. 
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performance analysis could be extended by applying the Fama-French three-factor model, which 

could contribute to a better explanation of returns and thereby alphas. In addition to factor models, 

it could be interesting to investigate whether a factor based on ESG would affect the explanation 

of return.  

 

The MV optimization model solely incorporates the mean-variance relationship, and thereby 

assumes that investors are rational. As stated by Mangram (2013), a critique of this model is that 

investors are not rational and can be emotionally driven in their investment activity. In this thesis, 

we have considered the ESG preferences in the security selection process and thereby not included 

these directly in the optimization model. The reason for doing so is to emphasize that the ESG 

preferences are incorporated early in the investors’ security selection process. Contemplating on 

investor rationality, the incorporation of ESG-preferences compromises this premise in the way that 

the risk-return relationship is no longer the main determinant in the portfolio construction. This is 

different from how Utz et al. (2014) or Pedersen et al. (2019) have structured their studies, where 

they accommodate the investors’ ESG-preferences by incorporating this factor into the optimization 

model by using three- and four-fund separation.  

 

A further highly discussed and analyzed assumption in MPT literature, and in our thesis, is the 

exclusion of transaction costs and taxes. As this thesis seeks to evaluate the theoretically MV-

optimized out-of-sample risk-adjusted performance of selected ESG-motivated strategies, we 

implicitly assume no transaction costs. The MV optimization is a static representation of the portfolio 

allocation, but the real world is dynamic and therefore requires portfolio adjustments, which implies 

transaction costs (Mangram, 2013; Munk, 2018). In our analysis, we have assessed the impact of 

such costs on the realizability of our portfolios by including empirical studies from Damodaran 

(2005), Berk & DeMarzo (2017), and Pedersen’s (2018) comments on Sharpe’s equality. This have 

provided a fundamental understanding of the realizability of our own portfolios, and the effect of 

transaction costs on active (and passive) investing. Another way to accommodate these market 

imperfections could be to include some numerical transaction cost measures into the portfolio 

optimization. By doing so, we might have been able to see the concrete effect of transaction costs 

and thereby obtain another evaluation of whether our constructed portfolios (especially those with 
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large weights) would have been able to outperform the market on a risk-adjusted basis. Specifically, 

this could be done by applying the portfolio turnover to get a notion of how frequent the investor 

must trade in order to maintain the required weights for a given portfolio in a specific ESG strategy 

(DeMiguel et al., 2007). As suggested by Balduzzi & Lynch (1999), we could assign an economic 

measure to the costs related to the portfolio turnover and thereby assess how transaction costs 

would influence the returns of our portfolios. This would, however, be an extension of our study. 

 

The key assumption of having unlimited capital and access to credit is very determinative in how 

our portfolios, especially the unconstrained, allocates wealth to specific securities. The ability to 

borrow unlimited capital at the risk-free rate is an assumption that does not hold in the real world 

(Mangram, 2013). In reality, different investors have different access to credit, as to why we, in our 

analysis, introduce three different portfolios in terms of limitations. Our results showed extreme 

weights57 for the unconstrained portfolios, which follows the assumption of unlimited capital. 

However, to accommodate a more real-world representation of the possible portfolios investors are 

able to construct, we introduced the fully constrained and the semi-constrained portfolios, where 

limits to borrowing in the risk-free rate was imposed. This inevitably stabilizes the weight structure 

of the portfolios. Considering the semi-constrained portfolio, however, we could have imposed an 

upper limit to the long position in a given asset. For instance, we could have obtained long/short 

110/10 portfolios. Obviously, the constraints we imposed in this thesis, could have been structured 

in a different way, but as earlier mentioned, the 10% constraint was imposed to illustrate how the 

ability to short would affect the optimized portfolios for the three different investor risk preferences. 
 

9.2 Rolling window approach – robustness 

Considering our out-of-sample rolling window approach, the analysis is based on an estimation 

window of 𝑀 = 90. To assess the robustness of the out-of-sample performance of our applied 

strategies, we have equivalently examined the results based on an estimation window of 𝑀 = 60. 

By doing so, we found only slightly higher SRs for the vast majority of our strategies, but the 

analytical tendencies and conclusions were, to a great extent, identical with the estimation window 

 
57 Refer to table 8.3. For 𝛾 = 1 and 𝛾 = 5 in unconstrained portfolios, investors borrow 1245% and 169%, respectively, in the 
risk-free asset. 
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of 𝑀 = 90.	Accordingly, the alphas did not vary much when applying the 𝑀 = 6058 estimation 

window, which is positive when discussing the robustness of our results. Our total sample size was 

120 months, and by applying a 90-month estimation window, we reduce the number of out-of-

sample return observations compared to the 60-month estimation window. The 60-month window 

doubles the number of observations, which is why we wanted to assess the robustness of our results, 

which we found acceptable.  

An alternative way to construct estimation windows and check for robustness, is to determine a 

fixed starting point in the sample and then increase the estimation window continuously. By doing 

so, the window increases for each period and thereby accumulates more return observations.  
 

9.3 ESG-motivated strategies  

Recall the structure of our ESG-motivated strategies in table 6.2. As inspired by CFA Institute (2015) 

we have chosen to implement the strategies separately, meaning that they are exclusively used in 

accordance with their given asset selection characteristics. Following these approaches may, as 

addressed in the analysis, impact the investors’ pursuit of ESG-complying investment portfolios. 

Specifically, this means that by following, for example, the 𝑚𝑜𝑚𝑒𝑛𝑡𝑢𝑚 strategy, investors have no 

regard for absolute ESG-scores, but rather the change over the past 12 months. Thus, they may 

select securities that have overall low scores, which we also found to be true in the analysis59. A way 

to enhance the ESG compliance of these strategies, could be to implement the strategies in 

combination. For instance, the principles of 𝐸𝑆 could be applied to each of the other strategies, 

implying that sin stocks would not appear in the implementation of the other strategies. 

Furthermore, the fact that the individual use of the 𝑚𝑜𝑚𝑒𝑛𝑡𝑢𝑚 strategy, have proven to ignore the 

absolute value of ESG-scores. Interestingly, throughout the analysis, this strategy has also proven 

to be most capable of outperforming the benchmark. This posts a question of the causality between 

financial performance and ESG, which is the essence of this thesis. To strengthen the ESG 

considerations in the 𝑚𝑜𝑚𝑒𝑛𝑡𝑢𝑚 strategy, and to avoid this discrepancy, we could therefore apply 

a combined strategy of, for example, 𝐵𝐼𝐶 and 𝑚𝑜𝑚𝑒𝑛𝑡𝑢𝑚 to provide a more ESG-compliant asset 

selection process.  

 
58 See appendix 3 for performance results of the estimation window of 𝑀 = 60 
59 The momentum strategy included assets with ESG-scores below 40. 
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9.4 Sample extension and actuality 

At the time of writing, stock markets face incredible challenges with regards to the current pandemic 

that affect the entire global economy. In relation to the sample period that this thesis is built upon, 

it is interesting to discuss how an inclusion of the first quarter of 2020 would affect the out-of-sample 

performance of our portfolios. As previously mentioned, our sample period relies one of the longest 

bull market periods in history (Divine, 2019). Thus, including bust-like periods like the current 

situation, would contribute to the understanding of how our portfolios would perform in an 

economically challenged state relative to the benchmark. This, inevitably, leads to a discussion of 

how our created portfolios would react to large negative market movements compared to how the 

index would react. The inclusion of such period could have implications for the results we present 

in our thesis. Specifically, this means that some portfolios based on ESG-motivated strategies could 

experience a larger financial downside relative to the benchmark, and thereby become less 

attractive investments. An essential part of investing in an index is the high obtainable degree of 

diversification, where movements are less volatile than in portfolios constructed with fewer assets 

(Bodie et al., 2017). By assessing this in relation to our constructed portfolios and their levels of 

diversification, it would be of great interest to see the impact of this pandemic on their out-of-

sample risk-adjusted performance.  
 

10. Conclusion  

The purpose of this thesis was to adequately investigate the main research question: 
 

“Considering the US stock market, how do portfolios constructed on the ESG-motivated 

investment strategies, “Best-In-Class”, “Exclusionary Screening”, “Momentum”, and “Thematic 

Investing”, perform on a risk-adjusted basis in comparison to the S&P500 from January 2010 to 

December 2019?” 
 

The four-part structure of our analysis guided the evaluation of the out-of-sample performance by 

adding additional dimensions. Specifically, this entailed adding risk preferences, portfolio 

constraints, and practical realizability to this assessment. The risk-adjusted measurement of the out-
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of-sample performance was divided into two parts of the analysis. First, the SR was used in 

comparison to the S&P500, and later extended by adding Jensen’s alpha.  
 

Conclusion on strategy out-of-sample performance 

EW setting 

Following the implementation of our four selected ESG-motivated strategies, we conclude that for 

the EW approach, 1 out of 15 portfolios was able to outperform the benchmark on an SR basis. 

Here we found that the 𝑚𝑜𝑚𝑒𝑛𝑡𝑢𝑚 strategy showed the best performance when compared to the 

other strategies. Expanding this view with Jensen’s alpha, we observed that 4 of the 15 portfolios 

experienced returns above the expectations of the CAPM. We conclude that 3 of the 4 portfolios 

are found in the 𝑚𝑜𝑚𝑒𝑛𝑡𝑢𝑚 strategy, which supports the finding that this strategy performs on a 

higher level than the other strategies.  

 

MV setting 

For the excess SRs in the MV setting, there is a total of 135 portfolios due to the inclusion of risk 

preferences and different portfolio constraints. Considering the results of the MV optimization 

approach, we found that a total of 32 portfolios underperform the benchmark. Again, a pervasive 

finding was the 𝑚𝑜𝑚𝑒𝑛𝑡𝑢𝑚 strategy showing general superiority to 𝐵𝐼𝐶 and 𝐸𝑆 when compared to 

the S&P500. By adding Jensen’s alpha, we found supporting evidence that 𝑚𝑜𝑚𝑒𝑛𝑡𝑢𝑚 exhibits 

highest alphas.  

 

The application of a naïve portfolio approach and an optimization approach provided the ability to 

see how the allocation influenced the risk-adjusted performance of the ESG-motivated strategies. 

Essentially, investors are not able to outperform the S&P500 when allocating equal weights to the 

selected assets. However, by optimizing the weighting structure, the general outperformance of 

ESG-motivated strategies proved to be significant.  
 

Conclusion on sub-strategy out-of-sample performance 

EW setting 

From the SR results in the EW setting, we see that all sub-strategies except 𝑚𝑜𝑚𝑒𝑛𝑡𝑢𝑚DEF 

underperform the S&P500. However, we conclude, across all sub-strategies, that environmental 
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shows the least underperformance. Considering Jensen’s alpha, we observe that the 3 out of 4 

portfolios, that show positive alphas, contain the environmental factor, which supports the 

conclusion for the SRs. 

 

MV setting 

Compared to the S&P500, we can conclude that the governance	sub-strategy shows the highest 

excess SRs across 𝐵𝐼𝐶, 𝐸𝑆, and 𝑚𝑜𝑚𝑒𝑛𝑡𝑢𝑚. Further, the 𝑇𝐼<GHIN<OG and 𝑇𝐼GA#HH#IJH displayed high 

excess SRs, and in fact, higher than every other sub-strategy. Furthermore, given our results, we 

find that the social sub-strategy generally performs inferior to 𝐸𝑆𝐺, 𝐸, and 𝐺. The results for Jensen’s 

alpha provide us with similar performance patterns as the conclusions for the SR analysis. 

 
The vast majority of our selected ESG-motivated strategies outperform the S&P500 when 

optimized. Specifically, 𝑚𝑜𝑚𝑒𝑛𝑡𝑢𝑚 as a strategy shows the highest outperformance. However, we 

conclude that this strategy has the lowest ESG-compliance. Moreover, we conclude the sub-

strategies that exhibits the highest out-of-sample performance are governance, 𝑇𝐼GA#HH#IJH, and 

𝑇𝐼<GHIN<OG. 

 

By adding three types of risk preferences and by imposing multiple portfolio constraints, we 

contribute to the overall performance evaluation of the ESG-motivated strategies. Specifically, this 

entails that by adding more dimensions to the analysis, we broaden the foundation of identifying 

tendencies. Obviously, by adding these dimensions to the analysis strengthens our conclusions, 

since the patterns in our results remain the same. In relation to the inclusion of risk preferences, our 

results show that SR increase with risk aversion, whereas Jensen’s alpha decrease with risk aversion. 

We evaluate that this is due to the inherent risk measure that is different in the two ratios. In the 

creation of different portfolios with either a no short-sale constraint or a max 10% short-sale 

constraint, we conclude that the investor that has the ability to short can obtain higher risk-adjusted 

returns, regardless of the investment strategy. This is explained by the enhanced possibility of 

diversification and levered investments. 
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In the evaluation of the out-of-sample performance of the ESG-motivated strategies measured 

against the benchmark, the practical realizability of these strategies and their portfolio allocation 

has been included. This has contributed to the overall assessment of whether these well-performing 

portfolios can actually be realized. In this case, we have concluded that the portfolios with no 

constraints are not realistic to apply, whereas investors, to a larger degree, are able to implement 

the constrained and semi-constrained portfolios. The essential factor in this assessment, is the 

magnitude of transaction costs related to large portfolio weights. Thus, the conclusions presented 

are mainly applicable for the constrained and semi-constrained investors. 

 

A final note on the ESG-motivated strategies is that although these strategies have shown general 

excess out-of-sample risk-adjusted returns, we argue that they contain inherent deficiencies in 

regard to ESG-compliance. This especially involves the 𝑚𝑜𝑚𝑒𝑛𝑡𝑢𝑚 strategy, which is the best 

performing on a financial level, but is the worst performing on an ESG level.  
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12. Appendices 
Appendix 1: Data obtained from Eikon for all constituents of the S&P500 

 

Ticker Company ESG E S G Sector name
A Agilent Technologies Inc 85,2 92,6 85,7 76,5 Health Care

* ABBV Abbvie Inc 40,1 38,4 43,8 37,7 Health Care

ABC AmerisourceBergen Corp 50,7 45,6 51,0 56,0 Health Care

ABMD Abiomed Inc 16,7 17,2 16,3 16,5 Health Care

ABT Abbott Laboratories 80,6 56,8 95,4 90,0 Health Care

ACN Accenture PLC 87,0 91,9 89,4 78,8 Information Technology

ADBE Adobe Inc 76,4 86,5 73,6 68,4 Information Technology

ADI Analog Devices Inc 76,4 86,5 71,9 70,5 Information Technology

ADM Archer Daniels Midland Co 67,5 80,9 55,6 66,4 Consumer Staples

ADP Automatic Data Processing Inc 59,5 56,8 62,0 59,7 Information Technology

ADS Alliance Data Systems Corp 54,3 48,0 56,0 59,3 Information Technology

ADSK Autodesk Inc 81,6 92,0 71,2 82,1 Information Technology

AEE Ameren Corp 53,4 60,2 45,6 54,8 Utilities

AEP American Electric Power Company Inc 72,6 72,3 63,0 84,0 Utilities

AES AES Corp 56,7 34,2 51,5 87,8 Utilities

AFL Aflac Inc 68,5 71,7 82,8 48,1 Financials

* AGN Allergan plc 43,2 38,0 56,7 33,4 Health Care

AIG American International Group Inc 59,6 60,8 59,3 58,7 Financials

AIV Apartment Investment and Management Co 56,9 55,7 54,8 60,8 Real Estate

AIZ Assurant Inc 53,2 44,1 56,4 59,7 Financials

AJG Arthur J Gallagher & Co 50,0 33,9 61,7 54,4 Financials

AKAM Akamai Technologies Inc 52,7 63,7 46,7 47,5 Information Technology

ALB Albemarle Corp 59,2 51,1 56,9 71,0 Materials

ALGN Align Technology Inc 11,8 13,1 13,9 7,8 Health Care

ALK Alaska Air Group Inc 16,8 10,2 16,3 24,8 Industrials

ALL Allstate Corp 85,7 91,2 80,1 86,2 Financials

* ALLE Allegion PLC 22,5 19,3 28,5 19,2 Industrials

ALXN Alexion Pharmaceuticals Inc 43,4 30,6 39,8 61,7 Health Care

AMAT Applied Materials Inc 74,5 82,9 73,0 66,7 Information Technology

* AMCR Amcor PLC 72,0 71,8 70,8 73,5 Materials

AMD Advanced Micro Devices Inc 75,7 79,5 79,7 66,6 Information Technology

AME Ametek Inc 30,2 25,9 33,6 31,2 Industrials

AMGN Amgen Inc 63,0 69,4 64,4 54,1 Health Care

AMP Ameriprise Financial Inc 61,7 52,3 70,5 61,9 Financials

AMT American Tower Corp 63,8 51,7 71,0 68,9 Real Estate

AMZN Amazon.com Inc 59,1 54,8 59,7 63,1 Consumer Discretionary

* ANET Arista Networks Inc 18,0 21,6 14,2 18,4 Information Technology

10 year average scores from Eikon

This table presents the constituents for the S&P500 from the Eikon database. A total of 85 companies are excluded 
due to lack of pricing data, over the 10-year sample period, from Wharton Research Data Services. The asterisk to 

the left of a ticker indicates that the company has been excluded. The associated 10-year ESG-scores are also 
included for each security. These scores has been exported from the Eikon database.
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ANSS ANSYS Inc 45,5 43,4 43,6 50,1 Information Technology

* ANTM Anthem Inc 77,8 72,5 80,2 81,0 Health Care

AON Aon PLC 60,8 59,9 61,5 61,1 Financials

AOS A. O. Smith Corp 11,2 8,2 14,5 10,8 Industrials

APA Apache Corp 58,8 62,1 51,5 63,8 Energy

APD Air Products and Chemicals Inc 79,3 83,6 75,5 79,0 Materials

APH Amphenol Corp 40,9 28,6 49,3 44,8 Information Technology

* APTV Aptiv PLC 33,1 37,2 33,3 28,2 Consumer Discretionary

ARE Alexandria Real Estate Equities Inc 43,8 49,3 41,2 40,6 Real Estate

* ARNC Arconic Inc 78,8 91,7 85,8 56,3 Industrials

ATO Atmos Energy Corp 36,0 27,8 47,2 32,2 Utilities

ATVI Activision Blizzard Inc 44,3 43,2 40,0 50,6 Communication Services

AVB AvalonBay Communities Inc 66,2 66,7 72,9 57,9 Real Estate

AVGO Broadcom Inc 32,2 29,2 35,4 31,8 Information Technology

AVY Avery Dennison Corp 73,1 72,5 76,5 69,7 Materials

AWK American Water Works Company Inc 68,8 60,1 67,4 80,2 Utilities

AXP American Express Co 73,9 69,6 73,5 79,2 Financials

AZO Autozone Inc 56,2 47,1 64,7 56,3 Consumer Discretionary

BA Boeing Co 83,0 91,8 76,1 81,3 Industrials

BAC Bank of America Corp 76,3 82,1 82,4 62,7 Financials

BAX Baxter International Inc 77,8 73,9 93,9 63,5 Health Care

BBY Best Buy Co Inc 74,9 87,9 64,8 72,2 Consumer Discretionary

BDX Becton Dickinson and Co 76,2 76,0 85,9 65,1 Health Care

BEN Franklin Resources Inc 61,8 67,9 52,9 65,4 Financials

* BF.B Brown-Forman Corp 57,3 62,2 68,1 39,3 Consumer Staples

BIIB Biogen Inc 72,5 63,0 73,4 81,9 Health Care

BK Bank of New York Mellon Corp 74,6 88,8 82,2 49,9 Financials

* BKNG Booking Holdings Inc 28,5 24,0 28,6 33,2 Consumer Discretionary

BKR Baker Hughes Co 75,8 92,4 72,4 61,1 Energy

BLK BlackRock Inc 52,6 44,7 60,6 52,0 Financials

BLL Ball Corp 66,2 80,2 61,3 56,4 Materials

BMY Bristol-Myers Squibb Co 80,4 81,3 88,3 70,3 Health Care

BR Broadridge Financial Solutions Inc 42,4 36,9 34,9 57,0 Information Technology

* BRK.B Berkshire Hathaway Inc 31,9 31,3 35,0 29,0 Financials

BSX Boston Scientific Corp 61,4 61,9 69,5 51,4 Health Care

BWA BorgWarner Inc 47,8 52,3 42,9 48,6 Consumer Discretionary

BXP Boston Properties Inc 58,8 69,0 68,5 36,3 Real Estate

C Citigroup Inc 80,9 91,5 78,3 72,1 Financials

CAG Conagra Brands Inc 76,4 66,9 79,6 83,4 Consumer Staples

CAH Cardinal Health Inc 54,9 46,5 56,2 62,6 Health Care

CAT Caterpillar Inc 72,6 80,1 74,6 61,9 Industrials

CB Chubb Ltd 63,3 75,0 57,0 57,7 Financials

* CBOE Cboe Global Markets Inc 34,4 20,2 38,3 45,5 Financials

* CBRE CBRE Group Inc 85,6 85,4 88,6 82,2 Real Estate

CCI Crown Castle International Corp 36,1 26,0 44,6 37,3 Real Estate

CCL Carnival Corp 71,3 72,1 76,0 64,7 Consumer Discretionary

CDNS Cadence Design Systems Inc 40,0 30,0 36,1 55,8 Information Technology

* CDW CDW Corp 23,0 19,8 26,8 22,2 Information Technology

CE Celanese Corp 58,6 54,8 55,1 66,9 Materials

CERN Cerner Corp 40,0 34,3 58,3 25,0 Health Care
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CF CF Industries Holdings Inc 38,4 28,7 37,8 50,1 Materials

* CFG Citizens Financial Group Inc 24,0 20,1 22,4 30,3 Financials

CHD Church & Dwight Co Inc 56,0 46,9 59,3 62,4 Consumer Staples

CHRW C.H. Robinson Worldwide Inc 33,7 25,7 45,8 28,5 Industrials

* CHTR Charter Communications Inc 25,2 20,1 35,7 18,7 Communication Services

CI Cigna Corp 70,8 75,4 69,0 67,6 Health Care

CINF Cincinnati Financial Corp 45,4 49,9 43,2 42,9 Financials

CL Colgate-Palmolive Co 82,3 78,1 79,9 89,8 Consumer Staples

CLX Clorox Co 79,5 80,2 74,5 84,4 Consumer Staples

CMA Comerica Inc 69,1 72,2 67,0 68,0 Financials

CMCSAComcast Corp 62,0 69,8 77,4 35,3 Communication Services

CME CME Group Inc 50,8 41,8 66,2 42,8 Financials

CMG Chipotle Mexican Grill Inc 40,6 44,7 46,7 29,0 Consumer Discretionary

CMI Cummins Inc 76,0 71,2 77,7 79,3 Industrials

CMS CMS Energy Corp 55,7 48,1 40,8 81,6 Utilities

CNC Centene Corp 22,4 23,9 17,4 26,4 Health Care

CNP CenterPoint Energy Inc 43,3 26,7 45,4 59,3 Utilities

COF Capital One Financial Corp 68,2 72,7 73,2 57,3 Financials

COG Cabot Oil & Gas Corp 40,7 37,8 29,6 56,9 Energy

COO Cooper Companies Inc 34,2 25,1 30,6 48,5 Health Care

COP ConocoPhillips 86,1 89,6 88,7 79,0 Energy

COST Costco Wholesale Corp 64,6 87,6 61,5 42,6 Consumer Staples

* COTY Coty Inc 14,3 13,1 19,2 9,8 Consumer Staples

CPB Campbell Soup Co 80,3 75,1 90,9 73,7 Consumer Staples

* CPRI Capri Holdings Ltd 31,0 29,4 26,1 38,4 Consumer Discretionary

CPRT Copart Inc 31,5 20,1 42,4 31,3 Industrials

CRM Salesforce.Com Inc 66,6 77,3 72,4 47,9 Information Technology

CSCO Cisco Systems Inc 87,0 87,2 91,1 81,9 Information Technology

CSX CSX Corp 70,9 73,3 70,5 68,8 Industrials

CTAS Cintas Corp 67,8 74,8 77,3 48,9 Industrials

CTL Centurylink Inc 54,5 50,3 55,7 57,8 Communication Services

CTSH Cognizant Technology Solutions Corp 61,5 70,3 80,0 30,2 Information Technology

* CTVA Corteva Inc 4,2 2,7 5,8 4,2 Materials

CTXS Citrix Systems Inc 58,3 66,0 58,5 49,6 Information Technology

CVS CVS Health Corp 89,6 97,7 89,2 81,0 Health Care

CVX Chevron Corp 84,9 92,6 84,1 77,1 Energy

CXO Concho Resources Inc 33,4 32,5 38,7 28,2 Energy

D Dominion Energy Inc 69,1 68,6 64,2 75,3 Utilities

DAL Delta Air Lines Inc 59,7 63,0 63,9 51,0 Industrials

* DD Dupont De Nemours Inc 0,0 0,0 0,0 0,0 Materials

DE Deere & Co 72,3 71,4 80,0 64,2 Industrials

DFS Discover Financial Services 59,0 44,1 60,9 73,5 Financials

DG Dollar General Corp 39,4 25,0 49,9 43,2 Consumer Discretionary

DGX Quest Diagnostics Inc 61,5 61,2 55,0 69,4 Health Care

DHI D.R. Horton Inc 43,1 31,6 36,2 64,1 Consumer Discretionary

DHR Danaher Corp 53,4 59,4 57,3 42,2 Health Care

DIS Walt Disney Co 72,8 78,1 92,5 44,1 Communication Services

DISCA Discovery Inc 48,2 46,1 62,0 34,4 Communication Services

DISCK Discovery Inc 48,2 46,1 62,0 34,4 Communication Services

DISH DISH Network Corp 24,6 37,7 20,9 14,2 Communication Services
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DLR Digital Realty Trust Inc 49,4 62,2 52,0 32,1 Real Estate

DLTR Dollar Tree Inc 46,3 41,6 49,5 47,9 Consumer Discretionary

DOV Dover Corp 55,8 60,7 39,6 69,2 Industrials

* DOW Dow Inc 0,0 0,0 0,0 0,0 Materials

DRE Duke Realty Corp 55,8 38,9 70,5 57,6 Real Estate

DRI Darden Restaurants Inc 59,4 59,3 66,4 51,3 Consumer Discretionary

DTE DTE Energy Co 70,3 73,5 56,3 83,0 Utilities

DUK Duke Energy Corp 70,4 72,8 66,8 71,8 Utilities

DVA DaVita Inc 66,4 63,4 65,3 71,0 Health Care

DVN Devon Energy Corp 58,6 59,5 60,8 55,2 Energy

* DXC DXC Technology Co 59,2 73,0 62,5 40,0 Information Technology

* EA Electronic Arts Inc 57,6 48,7 60,8 63,9 Communication Services

EBAY eBay Inc 63,6 74,2 61,3 54,6 Consumer Discretionary

ECL Ecolab Inc 70,6 65,2 76,4 69,9 Materials

ED Consolidated Edison Inc 76,5 79,1 68,6 82,6 Utilities

EFX Equifax Inc 40,0 24,6 57,2 37,1 Industrials

EIX Edison International 53,7 53,2 47,2 61,8 Utilities

EL Estee Lauder Companies Inc 70,9 85,1 73,8 51,7 Consumer Staples

EMN Eastman Chemical Co 64,8 84,1 59,4 49,4 Materials

EMR Emerson Electric Co 57,7 62,1 72,1 36,0 Industrials

EOG EOG Resources Inc 58,0 53,4 63,7 56,4 Energy

EQIX Equinix Inc 55,7 51,0 63,6 51,8 Real Estate

EQR Equity Residential 58,5 50,4 57,8 68,3 Real Estate

* ES Eversource Energy 61,4 61,2 53,8 70,4 Utilities

ESS Essex Property Trust Inc 38,8 33,3 33,5 51,2 Real Estate

ETFC E*TRADE Financial Corp 34,7 23,8 47,2 32,4 Financials

ETN Eaton Corporation PLC 73,1 87,0 75,9 54,4 Industrials

ETR Entergy Corp 72,2 58,4 76,6 82,5 Utilities

* EVRG Evergy Inc 32,3 32,4 25,2 40,4 Utilities

EW Edwards Lifesciences Corp 54,7 39,2 61,5 64,0 Health Care

EXC Exelon Corp 73,6 68,0 72,3 81,3 Utilities

EXPD Expeditors International of Washington Inc 49,7 53,9 56,0 37,8 Industrials

EXPE Expedia Group Inc 26,5 32,9 32,4 12,5 Consumer Discretionary

EXR Extra Space Storage Inc 9,7 9,3 13,2 6,1 Real Estate

F Ford Motor Co 70,3 78,6 86,3 42,4 Consumer Discretionary

* FANG Diamondback Energy Inc 16,3 14,6 13,8 21,2 Energy

FAST Fastenal Co 32,4 29,3 33,1 35,0 Industrials

* FB Facebook Inc 32,1 39,2 40,5 14,4 Communication Services

* FBHS Fortune Brands Home & Security Inc 36,2 27,9 38,7 42,6 Industrials

FCX Freeport-McMoRan Inc 76,2 75,8 77,0 75,6 Materials

FDX FedEx Corp 77,1 77,0 71,3 83,8 Industrials

FE FirstEnergy Corp 60,9 66,1 43,7 75,4 Utilities

FFIV F5 Networks Inc 46,5 46,7 50,4 41,7 Information Technology

FIS Fidelity National Information Services Inc 37,0 18,8 44,5 48,5 Information Technology

FISV Fiserv Inc 29,1 21,9 27,1 39,5 Information Technology

FITB Fifth Third Bancorp 60,6 55,3 57,1 70,6 Financials

FLIR FLIR Systems Inc 29,8 21,4 39,9 27,7 Information Technology

FLS Flowserve Corp 61,8 61,6 61,2 62,7 Industrials

* FLT Fleetcor Technologies Inc 22,1 18,6 26,8 20,6 Information Technology

FMC FMC Corp 57,2 43,1 74,6 52,7 Materials
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* FOX Fox Corp 3,4 3,2 2,5 4,7 Communication Services

* FOXA Fox Corp 3,4 3,2 2,5 4,7 Communication Services

* FRC First Republic Bank 33,1 20,1 24,4 57,7 Financials

FRT Federal Realty Investment Trust 55,7 72,7 31,0 65,4 Real Estate

FTI TechnipFMC PLC 9,0 7,9 8,5 10,6 Energy

FTNT Fortinet Inc 39,4 45,2 46,3 24,8 Information Technology

* FTV Fortive Corp 10,0 9,3 12,1 8,3 Industrials

GD General Dynamics Corp 61,6 58,3 65,5 60,8 Industrials

GE General Electric Co 88,3 89,7 88,7 86,4 Industrials

GILD Gilead Sciences Inc 68,3 68,1 70,0 66,5 Health Care

GIS General Mills Inc 81,8 76,5 93,0 74,5 Consumer Staples

* GL Globe Life Inc 37,2 30,7 41,0 40,0 Financials

GLW Corning Inc 70,3 84,2 67,4 58,3 Information Technology

* GM General Motors Co 51,5 53,5 51,5 49,2 Consumer Discretionary

GOOG Alphabet Inc 67,6 89,7 67,2 43,5 Communication Services

* GOOGLAlphabet Inc 67,6 89,7 67,2 43,5 Communication Services

GPC Genuine Parts Co 29,2 18,4 30,1 40,1 Consumer Discretionary

GPN Global Payments Inc 24,9 21,3 23,9 30,3 Information Technology

GPS Gap Inc 87,7 85,9 93,6 82,6 Consumer Discretionary

GRMN Garmin Ltd 47,6 48,8 50,5 42,8 Consumer Discretionary

GS Goldman Sachs Group Inc 70,0 92,7 72,9 41,2 Financials

GWW W W Grainger Inc 64,0 54,1 66,6 72,1 Industrials

HAL Halliburton Co 80,7 84,3 89,3 66,6 Energy

HAS Hasbro Inc 77,2 72,0 87,5 71,1 Consumer Discretionary

HBAN Huntington Bancshares Inc 51,6 31,8 59,8 64,1 Financials

HBI HanesBrands Inc 66,1 65,4 68,2 64,3 Consumer Discretionary

* HCA HCA Healthcare Inc 47,8 48,9 57,8 34,8 Health Care

HD Home Depot Inc 79,5 86,1 77,7 74,1 Consumer Discretionary

HES Hess Corp 71,4 85,8 74,3 51,8 Energy

* HFC HollyFrontier Corp 44,0 41,7 36,2 55,5 Energy

HIG Hartford Financial Services Group Inc 77,2 75,7 73,4 83,4 Financials

* HII Huntington Ingalls Industries Inc 28,9 12,7 28,5 47,3 Industrials

* HLT Hilton Worldwide Holdings Inc 31,4 32,4 33,1 28,4 Consumer Discretionary

HOG Harley-Davidson Inc 43,9 46,0 41,5 44,5 Consumer Discretionary

HOLX Hologic Inc 47,3 40,7 40,0 63,0 Health Care

HON Honeywell International Inc 71,2 63,8 73,9 76,2 Industrials

HP Helmerich and Payne Inc 26,3 25,3 25,2 28,7 Energy

* HPE Hewlett Packard Enterprise Co 28,1 28,8 25,5 30,3 Information Technology

HPQ HP Inc 81,2 80,2 85,2 77,8 Information Technology

HRB H & R Block Inc 42,3 25,4 33,7 71,1 Consumer Discretionary

HRL Hormel Foods Corp 62,3 57,3 81,7 45,5 Consumer Staples

HSIC Henry Schein Inc 55,9 76,4 49,7 40,2 Health Care

HST Host Hotels & Resorts Inc 71,8 68,7 60,8 88,0 Real Estate

HSY Hershey Co 72,0 79,3 75,7 59,4 Consumer Staples

HUM Humana Inc 74,3 75,3 69,3 78,9 Health Care

IBM International Business Machines Corp 84,2 93,5 96,0 60,0 Information Technology

ICE Intercontinental Exchange Inc 46,2 40,4 45,7 53,0 Financials

IDXX IDEXX Laboratories Inc 28,5 20,1 26,7 40,1 Health Care

IEX IDEX Corp 44,7 29,4 45,3 61,1 Industrials

IFF International Flavors & Fragrances Inc 68,8 60,9 65,7 81,2 Materials
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ILMN Illumina Inc 38,1 41,3 33,9 39,5 Health Care

INCY Incyte Corp 27,3 29,7 29,0 22,5 Health Care

* INFO IHS Markit Ltd 20,3 22,2 17,4 21,6 Industrials

INTC Intel Corp 92,2 95,6 93,8 86,5 Information Technology

INTU Intuit Inc 79,0 89,3 70,2 77,8 Information Technology

IP International Paper Co 70,6 75,5 60,2 77,1 Materials

IPG Interpublic Group of Companies Inc 65,2 60,6 63,5 72,2 Communication Services

IPGP IPG Photonics Corp 25,9 26,5 30,0 20,4 Information Technology

* IQV IQVIA Holdings Inc 29,0 35,7 37,1 12,2 Health Care

IR Ingersoll Rand Inc 72,2 70,2 75,6 70,3 Industrials

IRM Iron Mountain Inc 56,0 53,3 72,4 40,1 Real Estate

ISRG Intuitive Surgical Inc 46,0 43,1 40,7 55,3 Health Care

IT Gartner Inc 33,2 21,9 25,0 55,3 Information Technology

ITW Illinois Tool Works Inc 52,4 40,1 52,5 66,0 Industrials

IVZ Invesco Ltd 65,0 56,0 57,1 84,2 Financials

* J Jacobs Engineering Group Inc 60,2 65,2 67,7 45,9 Industrials

JBHT J B Hunt Transport Services Inc 49,4 47,6 49,3 51,4 Industrials

* JCI Johnson Controls International PLC 85,8 88,9 94,3 72,5 Industrials

JKHY Jack Henry & Associates Inc 15,0 16,5 13,1 15,6 Information Technology

JNJ Johnson & Johnson 87,5 89,6 93,2 78,5 Health Care

JNPR Juniper Networks Inc 64,1 72,1 68,5 50,0 Information Technology

JPM JPMorgan Chase & Co 80,8 85,5 85,8 69,8 Financials

JWN Nordstrom Inc 79,3 87,0 83,1 66,3 Consumer Discretionary

K Kellogg Co 68,4 68,6 87,4 45,9 Consumer Staples

KEY Keysight Technologies Inc 27,0 30,1 33,0 16,4 Information Technology

* KEY Keysight Technologies Inc 27,0 30,1 33,0 16,4 Information Technology

* KHC Kraft Heinz Co 15,3 17,5 13,5 15,1 Consumer Staples

KIM Kimco Realty Corp 62,5 60,5 61,9 65,4 Real Estate

KLAC KLA Corp 52,9 63,8 47,6 46,8 Information Technology

KMB Kimberly-Clark Corp 66,3 57,0 71,0 71,1 Consumer Staples

* KMI Kinder Morgan Inc 28,4 31,5 32,8 19,8 Energy

KMX Carmax Inc 51,2 34,3 58,6 61,2 Consumer Discretionary

KO Coca-Cola Co 77,5 71,2 83,6 77,3 Consumer Staples

KR Kroger Co 73,9 77,2 72,8 71,5 Consumer Staples

KSS Kohls Corp 76,5 75,8 83,3 69,2 Consumer Discretionary

KSU Kansas City Southern 51,8 55,9 51,4 47,5 Industrials

L Loews Corp 36,5 28,7 31,7 50,7 Financials

* LB L Brands Inc 68,5 72,2 75,4 56,4 Consumer Discretionary

* LDOS Leidos Holdings Inc 71,6 79,9 74,2 59,2 Information Technology

LEG Leggett & Platt Inc 44,7 47,3 42,1 45,0 Consumer Discretionary

LEN Lennar Corp 32,3 19,8 34,4 43,8 Consumer Discretionary

LH Laboratory Corporation of America Holdings 60,7 34,5 72,3 76,4 Health Care

* LHX L3Harris Technologies Inc 55,9 54,5 48,6 66,1 Industrials

* LIN Linde PLC 83,6 91,7 86,0 71,6 Materials

* LKQ LKQ Corp 25,4 18,3 24,6 34,3 Consumer Discretionary

LLY Eli Lilly and Co 76,8 74,4 87,3 67,0 Health Care

LMT Lockheed Martin Corp 76,0 80,5 72,1 75,4 Industrials

LNC Lincoln National Corp 65,5 68,8 65,1 62,4 Financials

LNT Alliant Energy Corp 58,0 58,3 44,5 73,4 Utilities

LOW Lowe's Companies Inc 76,5 87,1 76,9 64,2 Consumer Discretionary
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LRCX Lam Research Corp 53,3 58,0 50,3 51,5 Information Technology

LUV Southwest Airlines Co 69,5 73,0 78,1 55,4 Industrials

LVS Las Vegas Sands Corp 50,4 67,8 51,8 29,3 Consumer Discretionary

* LW Lamb Weston Holdings Inc 7,4 6,1 5,8 10,8 Consumer Staples

* LYB LyondellBasell Industries NV 50,3 46,1 53,2 51,5 Materials

LYV Live Nation Entertainment Inc 13,4 8,8 14,9 16,7 Communication Services

M Macy's Inc 69,2 60,3 78,8 68,0 Consumer Discretionary

MA Mastercard Inc 65,2 66,1 75,1 52,8 Information Technology

MAR Marriott International Inc 73,5 73,1 79,8 66,7 Consumer Discretionary

MAS Masco Corp 65,4 74,2 61,1 60,7 Industrials

MCD Mcdonald's Corp 74,2 73,1 80,5 68,0 Consumer Discretionary

MCHP Microchip Technology Inc 55,2 50,5 66,2 47,7 Information Technology

MCK McKesson Corp 70,4 61,6 69,1 81,9 Health Care

MCO Moody's Corp 62,6 45,3 61,5 83,2 Financials

MDLZ Mondelez International Inc 83,9 80,8 89,0 81,5 Consumer Staples

MDT Medtronic PLC 76,9 75,8 91,2 61,4 Health Care

MET MetLife Inc 68,0 82,3 67,6 52,4 Financials

MGM MGM Resorts International 58,9 65,9 59,7 50,3 Consumer Discretionary

MHK Mohawk Industries Inc 60,1 63,8 65,3 50,0 Consumer Discretionary

MKC McCormick & Company Inc 53,8 57,6 55,4 47,7 Consumer Staples

MKTX Marketaxess Holdings Inc 17,3 8,2 18,1 26,6 Financials

MLM Martin Marietta Materials Inc 41,3 20,9 36,0 70,2 Materials

MMC Marsh & McLennan Companies Inc 54,2 56,2 54,5 51,6 Financials

MMM 3M Co 86,1 84,6 89,0 84,3 Industrials

* MNST Monster Beverage Corp 23,9 26,0 24,4 21,1 Consumer Staples

MO Altria Group Inc 71,7 65,7 75,4 74,0 Consumer Staples

MOS Mosaic Co 57,7 46,2 63,4 63,9 Materials

* MPC Marathon Petroleum Corp 52,1 48,1 54,2 54,0 Energy

MRK Merck & Co Inc 77,7 74,2 87,4 70,2 Health Care

MRO Marathon Oil Corp 81,1 71,6 84,6 87,5 Energy

MS Morgan Stanley 76,8 91,2 71,8 66,4 Financials

* MSCI MSCI Inc 36,4 33,7 34,9 41,3 Financials

MSFT Microsoft Corp 91,5 89,8 95,8 88,4 Information Technology

* MSI Motorola Solutions Inc 81,5 80,3 84,6 79,0 Information Technology

MTB M&T Bank Corp 42,1 42,1 51,4 31,2 Financials

MTD Mettler-Toledo International Inc 57,7 65,5 52,7 54,8 Health Care

MU Micron Technology Inc 57,2 51,0 59,4 61,5 Information Technology

MXIM Maxim Integrated Products Inc 58,8 60,5 67,6 46,7 Information Technology

MYL Mylan NV 45,5 42,1 49,9 44,0 Health Care

MAA Mid-America Apartment Communities Inc 16,4 9,3 17,9 22,7 Real Estate

NBL Noble Energy Inc 58,7 53,7 56,7 66,7 Energy

* NCLH Norwegian Cruise Line Holdings Ltd 18,4 14,5 21,7 18,8 Consumer Discretionary

NDAQ Nasdaq Inc 51,8 54,8 37,7 64,9 Financials

* NEE Nextera Energy Inc 67,4 71,0 67,6 63,2 Utilities

NEM Newmont Corporation 81,7 69,0 85,0 92,2 Materials

NFLX Netflix Inc 26,9 33,5 19,3 28,5 Communication Services

NI NiSource Inc 68,0 59,7 62,6 83,6 Utilities

NKE Nike Inc 71,5 86,3 82,7 42,0 Consumer Discretionary

* NLOK NortonLifeLock Inc 83,4 87,6 85,2 76,7 Information Technology

* NLSN Nielsen Holdings PLC 38,7 39,1 47,8 27,7 Industrials
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NOC Northrop Grumman Corp 73,2 70,3 73,4 76,2 Industrials

NOV National Oilwell Varco Inc 62,3 70,7 61,2 54,1 Energy

* NOW ServiceNow Inc 18,6 14,7 21,3 19,8 Information Technology

NRG NRG Energy Inc 61,7 71,1 54,9 59,1 Utilities

NSC Norfolk Southern Corp 71,0 84,0 63,6 65,3 Industrials

NTAP NetApp Inc 45,1 37,3 50,3 47,6 Information Technology

NTRS Northern Trust Corp 79,2 79,1 82,3 75,5 Financials

NUE Nucor Corp 59,6 66,7 66,9 43,3 Materials

NVDA NVIDIA Corp 77,8 80,7 73,4 79,8 Information Technology

NVR NVR Inc 31,7 12,8 31,1 53,6 Consumer Discretionary

NWL Newell Brands Inc 59,6 52,6 53,5 74,5 Consumer Discretionary

NWS News Corp 22,9 21,8 21,5 25,7 Communication Services

NWSA News Corp 22,9 21,8 21,5 25,7 Communication Services

O Realty Income Corp 50,6 45,4 45,3 62,5 Real Estate

ODFL Old Dominion Freight Line Inc 12,3 10,6 13,9 12,3 Industrials

OKE ONEOK Inc 63,7 60,3 51,6 81,5 Energy

OMC Omnicom Group Inc 61,0 58,7 51,3 74,8 Communication Services

ORCL Oracle Corp 75,3 95,3 72,4 56,5 Information Technology

ORLY O'Reilly Automotive Inc 40,2 20,0 51,5 49,7 Consumer Discretionary

OXY Occidental Petroleum Corp 75,6 67,7 78,9 80,4 Energy

* PAYC Paycom Software Inc 13,6 8,7 23,4 7,7 Information Technology

PAYX Paychex Inc 45,5 26,7 46,6 65,2 Information Technology

PBCT People's United Financial Inc 39,8 21,6 44,6 54,4 Financials

PCAR Paccar Inc 49,8 68,4 48,1 31,0 Industrials

* PEAK Healthpeak Properties Inc 69,7 68,8 69,1 71,4 Real Estate

PEG Public Service Enterprise Group Inc 76,0 77,2 73,0 78,1 Utilities

PEP PepsiCo Inc 84,6 74,4 89,0 90,9 Consumer Staples

PFE Pfizer Inc 76,5 76,6 78,6 73,8 Health Care

PFG Principal Financial Group Inc 63,8 78,5 65,0 46,2 Financials

PG Procter & Gamble Co 77,2 73,4 83,1 74,4 Consumer Staples

PGR Progressive Corp 63,5 43,0 72,2 76,1 Financials

PH Parker-Hannifin Corp 54,2 57,5 64,5 38,6 Industrials

PHM PulteGroup Inc 51,1 36,1 56,8 61,3 Consumer Discretionary

PKG Packaging Corp of America 48,2 45,4 40,5 60,4 Materials

PKI PerkinElmer Inc 66,2 68,8 69,4 59,6 Health Care

PLD Prologis Inc 77,7 85,8 69,7 78,0 Real Estate

PM Philip Morris International Inc 65,3 64,7 69,3 61,5 Consumer Staples

PNC PNC Financial Services Group Inc 78,4 77,2 77,0 81,5 Financials

PNR Pentair PLC 55,3 55,8 57,5 52,3 Industrials

PNW Pinnacle West Capital Corp 72,3 75,4 67,9 73,9 Utilities

PPG PPG Industries Inc 70,5 77,2 57,7 77,9 Materials

PPL PPL Corp 63,6 58,2 63,1 70,3 Utilities

PRGO Perrigo Company PLC 43,9 43,0 45,5 43,0 Health Care

PRU Prudential Financial Inc 78,2 89,5 77,2 66,6 Financials

PSA Public Storage 43,6 25,4 47,4 59,4 Real Estate

* PSX Phillips 66 40,1 40,8 40,0 39,6 Energy

PVH PVH Corp 67,8 69,3 84,9 46,3 Consumer Discretionary

PWR Quanta Services Inc 34,7 26,8 35,7 42,6 Industrials

PXD Pioneer Natural Resources Co 46,1 37,0 55,8 44,8 Energy

* PYPL PayPal Holdings Inc 22,7 20,5 23,4 24,3 Information Technology
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QCOM Qualcomm Inc 70,7 78,8 73,2 58,9 Information Technology

* QRVO Qorvo Inc 19,8 9,0 21,9 29,4 Information Technology

RCL Royal Caribbean Cruises Ltd 61,0 65,5 66,2 50,0 Consumer Discretionary

RE Everest Re Group Ltd 40,3 30,2 34,0 58,9 Financials

REG Regency Centers Corp 64,4 74,0 59,9 59,0 Real Estate

REGN Regeneron Pharmaceuticals Inc 45,2 54,3 56,0 22,4 Health Care

RF Regions Financial Corp 49,8 44,9 50,4 54,5 Financials

RHI Robert Half International Inc 47,8 47,7 52,7 42,2 Industrials

RJF Raymond James Financial Inc 45,8 27,2 60,2 49,7 Financials

RL Ralph Lauren Corp 44,6 49,9 38,9 45,2 Consumer Discretionary

RMD Resmed Inc 45,2 40,5 43,3 52,6 Health Care

ROK Rockwell Automation Inc 66,0 64,7 83,1 47,7 Industrials

ROL Rollins Inc 13,6 11,6 12,2 17,6 Industrials

ROP Roper Technologies Inc 33,9 30,6 25,6 47,4 Industrials

ROST Ross Stores Inc 46,3 51,4 48,7 37,7 Consumer Discretionary

RSG Republic Services Inc 54,8 64,0 38,7 63,3 Industrials

RTN Raytheon Co 75,8 77,5 72,0 78,4 Industrials

SBAC SBA Communications Corp 38,7 22,3 51,3 42,4 Real Estate

SBUX Starbucks Corp 83,0 92,1 86,8 68,6 Consumer Discretionary

SCHW Charles Schwab Corp 52,3 57,1 65,3 31,9 Financials

SEE Sealed Air Corp 52,2 59,0 32,3 67,8 Materials

SHW Sherwin-Williams Co 60,9 62,9 51,4 69,8 Materials

SIVB SVB Financial Group 20,0 14,7 19,7 26,2 Financials

SJM J M Smucker Co 50,9 55,9 57,3 37,8 Consumer Staples

SLB Schlumberger NV 74,8 86,5 79,2 56,8 Energy

SLG SL Green Realty Corp 56,3 62,4 63,7 41,0 Real Estate

SNA Snap-On Inc 60,2 45,2 68,6 67,1 Industrials

SNPS Synopsys Inc 49,1 33,0 54,1 61,1 Information Technology

SO Southern Co 67,0 64,7 63,2 73,9 Utilities

SPG Simon Property Group Inc 53,8 49,2 60,6 50,8 Real Estate

* SPGI S&P Global Inc 71,2 76,1 75,7 60,5 Financials

SRE Sempra Energy 72,4 67,9 70,8 79,2 Utilities

STE Steris plc 10,2 13,7 13,2 2,7 Health Care

STT State Street Corp 83,6 90,0 86,9 72,6 Financials

STX Seagate Technology PLC 50,3 38,0 54,8 58,8 Information Technology

STZ Constellation Brands Inc 45,6 50,5 47,2 38,3 Consumer Staples

SWK Stanley Black & Decker Inc 57,0 50,1 69,6 50,0 Industrials

SWKS Skyworks Solutions Inc 51,8 46,5 47,4 62,8 Information Technology

* SYF Synchrony Financial 22,4 15,8 24,4 27,6 Financials

SYK Stryker Corp 58,5 49,3 55,8 71,8 Health Care

SYY Sysco Corp 68,4 75,6 65,0 64,4 Consumer Staples

T AT&T Inc 72,7 82,3 75,4 58,9 Communication Services

TAP Molson Coors Beverage Co 65,9 74,9 72,5 48,1 Consumer Staples

TDG TransDigm Group Inc 17,1 14,7 14,9 22,4 Industrials

TEL TE Connectivity Ltd 66,5 51,8 72,7 75,8 Information Technology

* TFC Truist Financial Corp 41,7 21,8 51,8 52,2 Financials

TFX Teleflex Inc 39,8 37,1 47,4 34,1 Health Care

TGT Target Corp 81,1 87,9 81,7 72,6 Consumer Discretionary

TIF Tiffany & Co 66,3 66,7 61,4 71,6 Consumer Discretionary

TJX TJX Companies Inc 75,0 70,8 87,2 65,4 Consumer Discretionary
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TMO Thermo Fisher Scientific Inc 70,8 76,0 72,6 63,0 Health Care

* TMUS T-Mobile US Inc 37,5 33,2 44,6 33,9 Communication Services

* TPR Tapestry Inc 57,5 53,6 68,0 49,8 Consumer Discretionary

TROW T. Rowe Price Group Inc 56,1 58,0 60,5 48,8 Financials

TRV Travelers Companies Inc 59,3 54,8 57,6 66,3 Financials

TSCO Tractor Supply Co 59,2 56,2 62,5 58,6 Consumer Discretionary

TSN Tyson Foods Inc 56,5 47,3 59,4 63,2 Consumer Staples

TTWO Take-Two Interactive Software Inc 19,1 14,7 16,4 27,0 Communication Services

* TWTR Twitter Inc 16,7 18,5 13,3 18,6 Communication Services

TXN Texas Instruments Inc 89,8 95,5 91,7 81,2 Information Technology

TXT Textron Inc 61,8 44,9 60,3 82,2 Industrials

UA Under Armour Inc 31,6 35,8 38,6 18,8 Consumer Discretionary

* UAL United Airlines Holdings Inc 46,7 52,3 46,8 40,4 Industrials

UDR UDR Inc 49,6 41,4 54,4 53,3 Real Estate

UHS Universal Health Services Inc 33,9 33,0 42,3 25,2 Health Care

ULTA Ulta Beauty Inc 43,6 20,1 62,1 48,3 Consumer Discretionary

UNH UnitedHealth Group Inc 75,8 72,8 72,6 82,8 Health Care

UNM Unum Group 64,8 63,7 60,8 70,8 Financials

UNP Union Pacific Corp 65,0 56,3 73,8 64,6 Industrials

UPS United Parcel Service Inc 73,2 87,2 74,7 56,0 Industrials

URI United Rentals Inc 22,0 18,1 21,5 27,0 Industrials

USB U.S. Bancorp 67,9 73,6 65,7 64,1 Financials

UTX United Technologies Corp 79,5 81,9 81,7 74,1 Industrials

* UAA Under Armour Inc 31,6 35,8 38,6 18,8 Consumer Discretionary

V Visa Inc 54,3 55,2 63,0 43,3 Information Technology

VAR Varian Medical Systems Inc 56,7 68,0 56,6 44,2 Health Care

VFC VF Corp 59,2 61,6 50,0 67,3 Consumer Discretionary

* VIAC ViacomCBS Inc 58,2 74,0 63,0 34,9 Communication Services

VLO Valero Energy Corp 71,8 70,9 66,9 78,4 Energy

VMC Vulcan Materials Co 54,8 54,6 54,5 55,5 Materials

VNO Vornado Realty Trust 54,0 70,6 41,7 49,7 Real Estate

VRSK Verisk Analytics Inc 47,7 55,1 50,4 36,5 Industrials

VRSN Verisign Inc 50,0 54,6 47,8 47,3 Information Technology

VRTX Vertex Pharmaceuticals Inc 46,1 46,2 54,7 35,9 Health Care

VTR Ventas Inc 67,2 62,6 75,0 63,3 Real Estate

VZ Verizon Communications Inc 79,8 82,6 74,3 83,1 Communication Services

WAB Westinghouse Air Brake Technologies Corp 30,8 23,8 37,1 31,1 Industrials

WAT Waters Corp 70,5 81,2 56,9 74,5 Health Care

* WBA Walgreens Boots Alliance Inc 64,2 53,1 71,3 68,3 Consumer Staples

WDC Western Digital Corp 54,9 46,2 57,2 61,6 Information Technology

WEC WEC Energy Group Inc 76,5 64,2 74,8 92,1 Utilities

* WELL Welltower Inc 52,3 62,5 57,4 35,0 Real Estate

WFC Wells Fargo & Co 80,9 74,2 81,1 88,1 Financials

WHR Whirlpool Corp 67,0 75,1 81,2 41,5 Consumer Discretionary

* WLTW Willis Towers Watson PLC 45,3 24,3 48,9 64,4 Financials

WM Waste Management Inc 80,9 93,0 67,5 83,0 Industrials

WMB Williams Companies Inc 62,8 58,9 55,1 76,2 Energy

WMT Walmart Inc 80,3 92,3 82,5 64,4 Consumer Staples

WRB W. R. Berkley Corp 35,1 25,6 39,0 41,1 Financials

* WRK Westrock Co 20,4 20,0 15,8 26,1 Materials
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WU Western Union Co 53,6 45,7 42,2 75,6 Information Technology

WY Weyerhaeuser Co 85,8 90,0 88,3 78,1 Real Estate

WYNN Wynn Resorts Ltd 37,2 41,9 39,8 28,9 Consumer Discretionary

XEC N/A N/A N/A N/A N/A N/A

XEL Xcel Energy Inc 71,3 72,3 60,9 82,3 Utilities

XLNX Xilinx Inc 60,4 56,4 67,0 57,2 Information Technology

XOM Exxon Mobil Corp 81,8 90,3 86,2 67,1 Energy

XRAY Dentsply Sirona Inc 46,1 43,3 56,1 37,7 Health Care

XRX Xerox Holdings Corp 78,0 79,4 72,8 82,4 Information Technology

* XYL Xylem Inc 48,6 56,9 47,5 40,8 Industrials

YUM Yum! Brands Inc 65,6 56,5 89,4 48,1 Consumer Discretionary

* ZBH Zimmer Biomet Holdings Inc 69,1 77,2 64,3 65,8 Health Care

ZBRA Zebra Technologies Corp 29,4 30,0 35,8 21,2 Information Technology

ZION Zions Bancorporation NA 37,7 20,1 44,9 48,8 Financials

* ZTS Zoetis Inc 30,1 23,1 30,0 38,0 Health Care

* AAL American Airlines Group Inc 68,9 55,2 76,8 74,8 Industrials

AAP Advance Auto Parts Inc 46,9 45,5 43,7 52,2 Consumer Discretionary

AAPL Apple Inc 70,6 78,3 59,4 74,8 Information Technology
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Appendix 2: Definition of ESG pillars from Eikon 
The environmental, social and governance definitions stated below are defined and exported 

from the Eikon database. 

 
 

Definitions of scores for environmental parameters from Eikon: 
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Appendix 3: Out-of-sample Sharpe ratio. 1/N for rolling window estimation when M=60 

 
 

Appendix 4: Out-of-sample Sharpe ratio. Mean-variance for rolling window estimation 

when M=60 

 

 

 

 
 

Appendix 5: Out-of-sample Sharpe ratio. S&P500 M=60 

 
 
Appendix 6: Out-of-sample Jensen’s alpha. Both for equally weighted and mean-variance 

portfolio M=60 

Strategy BIC ES Momentum
ESG 0.257 0.234 0.505

E 0.265 0.205 0.393
S 0.201 0.304 0.301

G 0.213 0.243 0.277

Strategy TI
Emissions 0.411

Ressource 0.255

Env. Innovation 0.157

Out-of-sample Sharpe ratio

Out-of-sample Sharpe ratio

RRA Unconstrained Constrained Max 10% short Unconstrained Constrained Max 10% short Unconstrained Constrained Max 10% short Unconstrained Constrained Max 10% short
1 0.606 0.288 0.360 0.502 0.293 0.364 0.499 0.267 0.330 0.784 0.467 0.478
5 0.606 0.387 0.485 0.502 0.385 0.486 0.499 0.321 0.443 0.784 0.492 0.571
10 0.606 0.406 0.513 0.502 0.398 0.516 0.499 0.332 0.493 0.784 0.530 0.739

Out-of-sample Sharpe ratio : BEST-IN-CLASS
ESG E S G

RRA Unconstrained Constrained Max 10% short Unconstrained Constrained Max 10% short Unconstrained Constrained Max 10% short Unconstrained Constrained Max 10% short

1 0.647 0.323 0.382 0.603 0.313 0.353 0.555 0.277 0.347 0.753 0.332 0.375
5 0.647 0.397 0.541 0.603 0.398 0.521 0.555 0.335 0.469 0.753 0.407 0.544
10 0.647 0.407 0.572 0.603 0.412 0.547 0.555 0.391 0.511 0.753 0.445 0.597

Out-of-sample Sharpe ratio : EXCLUSIONARY SCREENING
ESG E S G

RRA Unconstrained Constrained Max 10% short Unconstrained Constrained Max 10% short Unconstrained Constrained Max 10% short Unconstrained Constrained Max 10% short

1 0.567 0.341 0.356 0.607 0.410 0.401 0.687 0.314 0.373 0.643 0.373 0.403
5 0.567 0.473 0.511 0.607 0.492 0.522 0.687 0.443 0.529 0.643 0.467 0.564
10 0.567 0.510 0.553 0.607 0.512 0.571 0.687 0.486 0.547 0.643 0.511 0.604

Out-of-sample Sharpe ratio : MOMENTUM
ESG E S G

RRA Unconstrained Constrained Max 10% short Unconstrained Constrained Max 10% short Unconstrained Constrained Max 10% short

1 0.687 0.309 0.386 0.623 0.352 0.381 0.527 0.253 0.341
5 0.687 0.476 0.573 0.623 0.501 0.575 0.527 0.312 0.452
10 0.687 0.531 0.652 0.623 0.567 0.656 0.527 0.321 0.473

Out-of-sample Sharpe ratio : THEMATIC INVESTING

Ressource use Emissions Env. Innovation

Sharpe ratio 0.391

Benchmark - S&P500
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Appendix 7: Extract from our Financial Model in Excel 
We have provided an example of how a small extract of the financial model looks. In the upper 

left of the picture we present the out-of-sample estimated inputs, which we estimated through a 

rolling window approach (Expected return “Exp ret” and Standard Deviation “std”). This is for one 

specific “window” when M = 90. The matrix presents the estimated correlations between the 

selected securities in the same “window”. This part of the financial model calculates the 

minimum-variance portfolio and the tangency portfolio. 

 
 
 

RRA Constrained Max 10% short Constrained Max 10% short Constrained Max 10% short Constrained Max 10% short
1 0.567% 1.934% 0.639% 1.967% 0.541% 2.465% 1.305% 4.653%
5 0.501% 2.013% 0.531% 1.674% 0.467% 1.743% 1.201% 3.178%
10 0.482% 1.705% 0.496% 1.356% 0.383% 1.444% 1.057% 2.403%

1/N

RRA Constrained Max 10% short Constrained Max 10% short Constrained Max 10% short Constrained Max 10% short
1 0.567% 2.402% 0.505% 2.121% 0.567% 2.013% 0.678% 2.199%
5 0.516% 1.983% 0.498% 1.867% 0.397% 1.540% 0.601% 2.014%
10 0.469% 1.576% 0.478% 1.578% 0.339% 1.254% 0.534% 1.867%

1/N

RRA Constrained Max 10% short Constrained Max 10% short Constrained Max 10% short Constrained Max 10% short
1 1.086% 2.015% 1.087% 2.129% 0.701% 2.203% 1.429% 3.876%
5 1.099% 1.898% 1.037% 1.741% 1.014% 2.076% 1.405% 2.765%
10 1.023% 1.614% 0.976% 1.517% 0.984% 1.798% 1.213% 2.340%

1/N

RRA Constrained Max 10% short Constrained Max 10% short Constrained Max 10% short
1 1.750% 4.001% 1.801% 4.258% 0.203% 1.741%
5 1.132% 2.798% 1.278% 2.778% 0.223% 1.434%
10 1.005% 2.341% 1.098% 2.224% 0.187% 1.116%

1/N

Out-of-sample Jensen's alpha : BEST-IN-CLASS
ESG E S G

-0.132% -1.093% -0.357% -0.287%

Out-of-sample Jensen's alpha : EXCLUSIONARY SCREENING
ESG E S G

-0.377% -0.199% -0.173% -0.101%

Out-of-sample Jensen's alpha : THEMATIC INVESTING
Ressource use Emissions Environenmental Innovation

-0.011% 0.291% -0.417%

Out-of-sample Jensen's alpha : MOMENTUM
ESG E S G

0.531% 0.389% -0.009% 0.022%

Ticker Exp ret Std Excess ER Sharpe AIZ ALGN AME ATO CDNS EXR IEX MAA ODFL PHM PKG SJM TFX URI VRTX AAP
AIZ 1,6% 5,6% 1,6% 28,5% 1,00 0,22 0,13 0,28 0,31 0,27 0,33 0,22 0,12 0,28 0,32 0,10 0,38 0,30 0,00 0,18
ALGN 3,0% 11,2% 3,0% 26,7% 0,22 1,00 0,37 0,22 0,40 0,18 0,57 0,16 0,37 0,36 0,39 0,11 0,41 0,33 0,17 0,15
AME 1,0% 6,9% 1,0% 14,4% 0,13 0,37 1,00 0,11 0,31 0,11 0,64 0,12 0,39 0,25 0,41 0,18 0,30 0,53 0,18 0,27
ATO 1,4% 4,5% 1,4% 30,3% 0,28 0,22 0,11 1,00 0,24 0,47 0,27 0,49 0,09 0,18 0,25 0,31 0,24 0,07 0,04 0,20
CDNS 2,2% 5,9% 2,2% 37,4% 0,31 0,40 0,31 0,24 1,00 0,32 0,51 0,24 0,40 0,43 0,42 0,18 0,37 0,52 0,11 0,17
EXR 1,5% 5,6% 1,5% 26,6% 0,27 0,18 0,11 0,47 0,32 1,00 0,24 0,57 0,16 0,39 0,27 0,24 0,23 0,21 -0,07 0,21
IEX 1,8% 5,2% 1,8% 33,8% 0,33 0,57 0,64 0,27 0,51 0,24 1,00 0,23 0,55 0,47 0,61 0,22 0,57 0,62 0,19 0,32
MAA 0,9% 4,8% 0,8% 16,7% 0,22 0,16 0,12 0,49 0,24 0,57 0,23 1,00 0,14 0,20 0,29 0,20 0,26 0,08 0,09 0,24
ODFL 2,0% 8,0% 1,9% 24,4% 0,12 0,37 0,39 0,09 0,40 0,16 0,55 0,14 1,00 0,36 0,37 0,08 0,37 0,55 0,12 0,23
PHM 1,7% 7,2% 1,7% 22,9% 0,28 0,36 0,25 0,18 0,43 0,39 0,47 0,20 0,36 1,00 0,41 0,15 0,40 0,48 0,11 0,16
PKG 1,8% 7,1% 1,7% 24,6% 0,32 0,39 0,41 0,25 0,42 0,27 0,61 0,29 0,37 0,41 1,00 0,24 0,40 0,48 0,25 0,28
SJM 0,5% 5,4% 0,5% 8,4% 0,10 0,11 0,18 0,31 0,18 0,24 0,22 0,20 0,08 0,15 0,24 1,00 0,23 0,19 0,09 0,21
TFX 2,2% 6,0% 2,2% 36,4% 0,38 0,41 0,30 0,24 0,37 0,23 0,57 0,26 0,37 0,40 0,40 0,23 1,00 0,31 0,08 0,20
URI 2,5% 11,9% 2,4% 20,7% 0,30 0,33 0,53 0,07 0,52 0,21 0,62 0,08 0,55 0,48 0,48 0,19 0,31 1,00 0,12 0,31
VRTX 2,1% 10,5% 2,0% 19,2% 0,00 0,17 0,18 0,04 0,11 -0,07 0,19 0,09 0,12 0,11 0,25 0,09 0,08 0,12 1,00 -0,10
AAP 1,3% 7,9% 1,2% 15,3% 0,18 0,15 0,27 0,20 0,17 0,21 0,32 0,24 0,23 0,16 0,28 0,21 0,20 0,31 -0,10 1,00

Risk-free 0,04% 5,6% 11,2% 6,9% 4,5% 5,9% 5,6% 5,2% 4,8% 8,0% 7,2% 7,1% 5,4% 6,0% 11,9% 10,5% 7,9%

A B C D
0,31 13,96 1166,04 167,94

Minimum-variance pf Weights Tangency pf Weights
AIZ 200,82 0,17 1,70 0,13
ALGN -67,12 -0,06 0,08 0,01
AME 125,69 0,11 -0,99 -0,07
ATO 195,51 0,17 4,01 0,30
CDNS 127,87 0,11 3,80 0,28
EXR 35,03 0,03 3,13 0,23
IEX 139,86 0,12 1,56 0,12
MAA 133,32 0,11 -3,30 -0,25
ODFL 93,53 0,08 0,86 0,06
PHM 60,55 0,05 -0,78 -0,06
PKG -80,67 -0,07 -0,78 -0,06
SJM 189,99 0,16 -1,71 -0,13
TFX 5,75 0,00 3,45 0,26
URI -124,34 -0,11 -0,62 -0,05
VRTX 72,72 0,06 1,94 0,14
AAP 57,52 0,05 1,11 0,08

100,00% 1,00
Exp ret 1,2% 1,2% SAND 2,3% 2,3% SAND
Var 0,1% 0,1% SAND 0,2% 0,2% SAND
Std 2,9% 4,1%
Sharpe 39,4% 54,7%

Correlations



 132 

Appendix 8: Strategies and Sub-strategies acronyms and interchangeably used terms 

ESG-motivated strategies 

Best-in-Class 𝐵𝐼𝐶 
Exclusionary Screening 𝐸𝑆 
Momentum 𝑚𝑜𝑚𝑒𝑛𝑡𝑢𝑚 
Thematic Investing 𝑇𝐼 

 

Sub-strategies 
𝐵𝐼𝐶 focusing on ESG 𝐵𝐼𝐶DEF ESG sub-strategy for BIC 
𝐵𝐼𝐶 focusing on E 𝐵𝐼𝐶D Environmental sub-strategy for BIC 
𝐵𝐼𝐶 focusing on S 𝐵𝐼𝐶E Social sub-strategy for BIC 
𝐵𝐼𝐶 focusing on G 𝐵𝐼𝐶F Governance sub-strategy for BIC 
𝐸𝑆 focusing on ESG 𝐸𝑆DEF ESG sub-strategy for ES 
𝐸𝑆 focusing on E 𝐸𝑆D Environmental sub-strategy for ES 
𝐸𝑆 focusing on S 𝐸𝑆E Social sub-strategy for ES 
𝐸𝑆 focusing on G 𝐸𝑆F Governance sub-strategy for ES 
𝑚𝑜𝑚𝑒𝑛𝑡𝑢𝑚 focusing on ESG 𝑚𝑜𝑚𝑒𝑛𝑡𝑢𝑚DEF ESG sub-strategy for momentum 
𝑚𝑜𝑚𝑒𝑛𝑡𝑢𝑚 focusing on E 𝑚𝑜𝑚𝑒𝑛𝑡𝑢𝑚D Environmental sub-strategy for momentum 
𝑚𝑜𝑚𝑒𝑛𝑡𝑢𝑚 focusing on S 𝑚𝑜𝑚𝑒𝑛𝑡𝑢𝑚E Social sub-strategy for momentum 
𝑚𝑜𝑚𝑒𝑛𝑡𝑢𝑚 focusing on G 𝑚𝑜𝑚𝑒𝑛𝑡𝑢𝑚F Governance sub-strategy for momentum 
𝑇𝐼 focusing on Emissions 𝑇𝐼DA#HH#IJH Emissions sub-strategy for TI 
𝑇𝐼 focusing on Resource use 𝑇𝐼RGHIN<OG Resource use sub-strategy for TI 
𝑇𝐼 focusing on Environmental 
Innovation 

𝑇𝐼DJK.#JJIKMB#IJ Environmental innovation sub-strategy for TI 

 

 
 


